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Executive Summary
National Ambient Air Quality Standards (NAAQS) were established as part of the Clean Air Act
Amendments of 1970 (CAAA) to protect the public health and environment. This law required
the United States Environmental Protection Agency (EPA) to set outdoor limits for many
common air pollutants and establish a monitoring network in metropolitan areas to demonstrate
compliance. The Clean Air Act (CAA) further required states with areas that exceeded the
NAAQS to submit an acceptable State Implementation Plan (SIP) to the EPA detailing the steps
that would be taken to bring the area into compliance. Since internal combustion engines used in
transportation are a common source for many of the pollutants regulated by the NAAQS, many
subsequent regulations and control programs focused on reducing these emissions.
Inspection and maintenance programs (I/M) were conceived by state regulators as a way to
locally maintain new car emission standards after the vehicle warranty period had expired. Under
the 1977 CAAA the U.S. EPA published guidelines that established criteria and performance
standards for these programs and began requiring them in SIPs. The initial program concepts
were straight forward; establish some type of emissions inspection with limits based on the age
and type of the vehicle and require each vehicle registered in the area to meet these limits on a
prescribed periodic basis. Repairs are suggested for vehicles that don’t meet the program limits,
usually with an upper dollar limit on those repairs, until the vehicle can pass a subsequent test.
Failure to comply with the program requirements most often results in the owner being unable to
renew the vehicle’s registration.
The effectiveness of the programs in meeting their overall emissions reductions targets
established in each states SIP has been the subject of many studies (National Research Council,
2001). In part because the programs are not inexpensive to the public in either direct costs for the
test fees or in time required to meet the requirements. Many of the program evaluations compare
the emissions performance of a fleet known to have complied with program requirements against
a local or nearby fleet that is outside the jurisdiction of the program. Any differences found
between the mean emissions of the two fleets are then ascribed to be a benefit of the I/M
program under study. In contrast, state government and EPA evaluations of the I/M program
benefits are generally predicted through the use of an approved EPA computer model. Both
approaches have significant short-comings in effectively evaluating the program benefits.
The fundamental mechanism of all I/M programs is to increase the successful repair rate of
malfunctioning vehicles in the program’s area. Since malfunctioning vehicles may emit more
pollution, successfully targeted vehicle repair should speed up the reduction of ambient emission
levels or help to maintain them. This means that vehicle fleets in I/M areas should have in-use
emission characteristics that are demonstrably different than those in areas that do not have such
programs. This report bases its evaluation of the effectiveness of I/M programs by looking for
these emission differences. We will do this by comparing and contrasting emission reduction
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trends, vehicle emission deterioration rates and quantifying any differences in the two fleet’s
emission distributions.
All of these types of evaluations require long continuous emissions measurement records and
measurements from thousands of vehicles in each cities fleet to define their emission
characteristics. Vehicle emission remote sensing devices offer a non-intrusive way to collect a
large number of vehicle tailpipe emission measurements (typically 3,000 to 6,000 measurements
per day) in a short period of time without the vehicles and the owners knowing they are being
tested. The ability to collect a large number of emission measurements in each city benefits the
statistical comparisons and is a major strength of having a large number of measurements.
However, measurement sites generally limit the observed vehicle operating conditions to a fully
warmed up state and engine loads to those observed in Federal Test Procedure testing. In
addition, information on the vehicles measured is limited to non-personal manufacturers’
information that can be obtained through local motor vehicle registration databases.
In 1997, the Coordinating Research Council (CRC) contracted with the University of Denver to
begin a long-term (10 year) roadside vehicle emission measurement campaign using on-road
remote sensing devices at a site in the northwest suburbs of Chicago, IL. Subsequent campaigns
were added at locations in Denver, CO (1999), Riverside, CA (1999 – 2001 only), West Los
Angeles, CA (1999, eventually replaced the Riverside site) and Phoenix, AZ (1998) that
produced thirty data sets and more than three quarters of a million measurements through 2007.
This program was extended starting in 2013 at all of the sites but the Phoenix, AZ site where the
ramp was eliminated by new construction. All of these sites were located in areas where vehicle
owners were subject to a local I/M program as part of the region’s air quality improvement plans.
In addition to the CRC supported measurements, the University of Denver has made vehicle
emission measurements in additional cities with and without an I/M program. In 2003 we began
collecting emission measurements at a site in Tulsa, OK, an area that has never had an I/M
program, and to date have collected a total of five data sets at this site. To date the University of
Denver has collected 88 emission measurement data sets with 18 of these having been collected
in 12 different cities that did not have an I/M program at the time of the measurements. A full
description of all of these sites, the measurement campaigns and the database files collected are
publically available and can be found online at www.feat.biochem.du.edu. These data sets
provide the emission measurements that will be used in making the comparisons between I/M
and non-I/M areas.
Figure E1 plots the historical fuel specific mean emissions for CO (top), HC (middle) and NO
(bottom) against measurement year for the four long-term measurement sites: Chicago, Denver,
Tulsa and West Los Angeles. The uncertainties plotted are standard error of the mean determined
using the daily mean emissions for each site’s campaign. Table E1 compiles the overall percent
emission reductions for the mean (shown in Figure E1) and 99th percentiles for CO, HC and NO
for these same locations. The Chicago, Denver and West Los Angeles sites, which have longer
v
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Figure E1. Mean fuel specific emissions by measurement year for Chicago, Denver, Tulsa
and West Los Angeles sites. Uncertainties are standard errors of the mean determined using
the daily measurements.
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Table E1. Overall percent reductions in fleet mean and 99th percentiles for CO, HC and NO
emissions by location.
Location
Chicago, IL
Denver, CO
Tulsa, OK
West LA, CA

First and Last
Measurement Year and
Number of Data Sets
1997 / 2018 / 10
1999 / 2018 / 9
2003 / 2017 / 5
1999 / 2018 / 8

%△CO
Mean / 99th

%△HC
Mean / 99th

%△NO
Mean / 99th

86% / 75%
86% / 70%
67% / 66%
84% / 73%

66% / 56%
49% / 48%
47% / 27%
79% / 66%

84% / 48%
79% / 36%
62% / 16%
78% / 40%

time trends than Tulsa, show larger emission reductions. However, overall we have observed
significant emission reductions in both metrics at all four locations.
Using a first order rate equation we calculated year over year percent reductions for the nondiesel fleets (the focus of most I/M programs) in these four areas since ~2003 to match the Tulsa
measurement’s time span. To improve the regression statistics we included additional data sets in
the analysis that were available from the LA Basin (Van Nuys 2010 and two Lynwood 2018
sites) and at the Denver 6th Avenue site (Summer 2005). Figure E2 shows the observed
reductions with the calculated 95% confidence intervals. The shorter time period increases the
uncertainty in the emission reduction estimates but, despite this, the CO and NO estimates are all
significant at the 95% confidence interval. For HC emissions only the Chicago and Los Angeles
Basin reductions are significant. Since 2003 the emissions changes for these three species on a
year over year basis again are statistically similar between all of the sites despite differences in
fleet ages, fraction of car vs truck representation in the measured fleet and any driving mode
differences.
We acquired the MOVES2014a input files from the Colorado Department of Public Health and
Environment that were used in the 2017 audit of Colorado’s seven county Denver Metro area
(Adams, Arapahoe, Boulder, Broomfield, Denver, Douglas and Jefferson) I/M program to
compare model predicted emission differences with those in the 2017/2018 Denver CO and 2017
Tulsa OK measurements. The MOVES2014a model was run for the seven county Denver CO
region with and without the I/M program to generate the fleet average emissions for these two
scenarios. We restricted the model output to only include gasoline passenger cars and light-duty
trucks (light-duty diesel vehicles are administered under a separate program in Colorado that
only requires a tailpipe opacity test) and an urban restricted access highway driving mode which
best describes the Denver, CO and Tulsa, OK remote sensing sampling sites.
The model predicts significantly higher emissions (1.5 to 3.5x’s) for both the I/M and non-I/M
fleets than observed on-road. For the direct comparison the model predicts an I/M benefit in the
Denver Metro of 17.9% for CO, 33% for HC and 21.9% for NOx (a 22.4% reduction for NO). In
the on-road fleet comparison the measurements generally agree for CO with lower emissions in
Denver (20%) but Tulsa (non-I/M) has lower HC (32%) and NO (15%) emissions. The
comparison is complicated by the fact that in the Denver Metro I/M program vehicles from the
vii
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Figure E2. Year over year percent changes in fleet emission for CO (top), HC (middle) and NO
(bottom) with 95% confidence interval estimates for the non-diesel fleet using only
measurements collected since ~2003 to match the Tulsa measurements.
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first seven model years are exempted. This results in the MOVES2014a model ascribing the
same emissions to these vehicles in the I/M and non-I/M fleets. In the on-road comparison there
are significant percentage differences in the CO and NO emissions within the first seven model
years that account for a majority of the fleet emission differences found. This indicates that
factors other than the Denver Metro I/M program are responsible for these observed differences.
Higher HC emissions are observed on-road in Denver due to a higher proportion of decelerations
that are now observed at this location after the ramp was reconstructed in 2014.
After the first seven model years MOVES2014a predicts emissions that increase at a faster rate
for the non-I/M fleet increasing the differences found with the I/M fleet. Figure E3 illustrates this
for the comparison of the molar ratios of CO for the non-diesel non-I/M fleet versus the I/M fleet
(on-road measurements upper panel, model comparison lower panel). Age is accounted for by
plotting the means of each model year (2017 - 1987) and the Denver means have been calculated
using the Tulsa car/truck ratio for each model year to normalize these differences between the
two locations. The on-road emissions data comparison between Tulsa (non-I/M) and Denver
(I/M) does not show the increasing emissions difference with age predicted by the model. As
previously mentioned, differences occur in the first seven model years as well as in the older
model years, however, the differences that do occur show a consistency across all model years
with a quantile-quantile plot comparison resulting in a straight, not curved correlation.
One possible explanation for the increasing emission differences found in the model predictions
is that the emission deterioration rates in the model are equal for the first seven model years and
then increase at a faster rate for the non-I/M vehicles. Using measurements collected across
many years, and assuming that emissions deterioration can be modeled as a linear process, we
calculated emission deterioration rates for all of the possible model years in the non-diesel fleets
in our four major cities. The deterioration rate is the slope of a line fit to each model year’s mean
emissions versus age using each calendar year’s data. Figure E4 is a plot of emission
deterioration rates in g/kg of fuel/year for CO (top), HC (middle) and NO (bottom) versus model
year comparing the West Los Angeles (I/M) with the Tulsa (non-I/M) fleets. The uncertainties
plotted are the standard error of the slope of the least squares fit. This comparison should
maximize any emission deterioration differences between fleets. Not only does the Los Angeles
area have what is considered to be the premier I/M program in the world but also has vehicles
that are manufactured to California certification standards. In general the older model year
vehicles in Los Angeles and Tulsa have deterioration rates that are similar; however, the newest
model years for CO show the most disagreement (2010 & newer model years exempted from
I/M program) and the largest uncertainties having the fewest number (only 3) of data sets.
However, in general, this comparison indicates that the deterioration rates in the on-road fleets
are not significantly different as we presume are predicted by the MOVES2014a model.
The Pitchford and Johnson (Environ. Sci. Technol., 1993) model of fleet emissions predicts that
if the malfunction and repair rate constants are equal, then the emissions distribution will not
change over time. If the malfunction rate is larger, then the total emissions will increase over
ix
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Figure E3. 2017 Tulsa non-diesel mean CO molar ratios, grouped by model year (2017 –
1987), versus 2017 Denver data forced to match the Tulsa car/truck distribution (top panel).
MOVES2014a gasoline mean CO molar ratios for the Denver Metro area with I/M, grouped
by model year (2017 – 1987), for passenger vehicles ( ) and trucks (∆) against the same
fleet without I/M. Uncertainties in the top panel are standard error of the mean calculated
from the daily measurements. The diagonal lines are 1:1 lines drawn for comparison.
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Figure E4. On-road fuel specific emissions deterioration rates (grams/kg of Fuel/Year) vs.
model year for non-diesel Tulsa ( ) and West Los Angeles (●) fleets. The uncertainty bars
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time and if the repair rate is larger, then the emissions will decrease. We have firmly established
that U.S. fleet emissions have decreased significantly over the last twenty years which means
that the repair rate is larger than the malfunction rate and that fleet emission distributions should
also have changed. Figure E5 is a cumulative probability plot with an x-axis that has been
transformed for a normal distribution. If the data were normally distributed they would plot as a
diagonal straight line. Plotted are the fuel specific CO emissions distributions for the 2005 and
2017/2018 Denver and Tulsa measurements. The larger open symbols are the mean emissions for
each cities distribution.

Figure E5. Cumulative probability plot of fuel specific CO emissions for the 2005 and
2017/2018 Denver and Tulsa data sets. The x-axis has been transformed to a normal distribution.
If the data sets were normally distributed they would plot as a diagonal straight line. Open
symbols are the mean emissions for each distribution.
These plots give the probability of finding a gCO/kg of fuel emissions reading that is less than or
equal to a value on the y-axis. The changes observed between the emission distributions
collected in 2005 and 2017/2018 confirms that the repair rates in these two fleets is larger than
the malfunction rate as the emission distributions have changed significantly since 2005. In
addition, these plots show that a majority of vehicles have zero or near zero emissions and a
small minority of the vehicles, those at the top of the distribution in Figure E5, are responsible
for a disproportionate share of the total emissions. I/M programs by design should reduce the
frequency and the magnitude of the emissions of these vehicles by increasing their successful
repair rate when compared to a similar fleet without a program. These plots show no significant
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differences between the I/M fleet in Denver and the non-I/M fleet in Tulsa especially in the
upper portions of the distributions where the emissions matter the most.
To date we have collected 18 vehicle emissions data sets in 12 different cities including Tulsa,
that did not have an I/M program in place when the measurements were collected (see Appendix
A). To show that Tulsa is not a unique case one can compare the shapes of the upper portion of
I/M and non-I/M city emissions distributions by calculating the fraction of the total vehicle
emissions contributed by the vehicles above the 99th percentile. This involves rank ordering the
data for each species and then calculating the fraction of the emissions contributed by the 99th
percentile (top 1%) and following the changes in this fraction over time for the I/M and non-I/M
fleets. This evaluation consists of 70 data sets from I/M areas and 18 data sets from non-I/M
areas. Figure ES6 is a plot of the top 1% emissions fraction for CO (top), HC (middle) and NO
(bottom) for I/M fleets (●) and non-I/M fleets (∆) versus measurement year. The solid lines are
the least squares best fit lines to each data set and the dashed lines are the 95% confidence
intervals for those fits. As the emissions distribution has become skewed, the top 1% of the
measurements at each location account for an increasing share of the total. For example, the
percent of CO emissions, the species collected the longest, emitted by the top 1% has grown
from ~5% of the total in 1989 to greater than 35% of the total in 2018. In general the trends are
the same for the I/M and the non-I/M fleets as the 95% confidence intervals overlap for each of
the species plotted. The similar changes over time in the fraction of emissions by the top 1% of
the measurements in Tulsa and other I/M and non-I/M locations indicates that the tops of the
emissions distribution are not significantly different.
It should be expected that when an I/M program successfully reduces fleet emissions, those
reductions will result in a change in the shape of the emissions distribution. By collecting
emission measurements from a large number of vehicles at a given site over a long period of
time we can: (a) establish the emissions distribution of a fleet and (b) determine the extent of any
changes that occur over time in those distributions. Using the emissions data collected in our four
major cities, Chicago, Denver, Tulsa and Los Angeles, we have shown that:
1.

Emission reductions for CO, HC and NO have occurred at similar levels and rates in each
of these cities.

2.

The current EPA computer model (MOVES2014a) over predicts the levels of CO and
NO emissions for both I/M and non-I/M areas for the urban restricted driving mode.

3.

Higher emission deterioration rates for the non-I/M fleet, which the EPA computer model
appears to assume, are not observed in the on-road fleets.

4.

The shape of the emissions distribution, especially at the top where the highest emitters
are found, shows no meaningful differences between I/M and non-I/M cities. The result is
that the emissions level and frequency of occurrence of high emitters is similar in I/M
and non-I/M cities.
xiii
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Figure E6. Fleet fraction of the 99th percentile emissions for CO (top), HC (middle) and NO
(bottom) for all U.S. data sets collected in an I/M area (●) and all U.S. data sets collected in
areas that do not have an I/M program (∆) versus measurement year. Solid lines are least
squares best fit lines and the dashed lines are 95% confidence intervals.
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5.

The lack of any significant differences between the shapes of the CO, HC and NO
emission distributions implies that there is also no difference in the high emitter repair
rates, as defined in the Pitchford and Johnson (Environ. Sci. Technol., 1993) fleet
emissions model, for malfunctioning vehicles in these four cities.

Recent random roadside inspection data from California supports the finding of a lack of a
significant difference between I/M and non-I/M cities emission distributions. Random roadside
inspection data from 2018 found significant recidivism rates (35% roadside failure rate) among
2000 - 2006 model year vehicles that initially failed and then passed a Smog Check test within a
year of that test (Bureau of Automotive Repair, 2019). In addition 17% of these same model
years, that initially passed their test, were also found to fail during the roadside inspections. The
combination led to a higher overall failure rate than was found on the day these vehicles were
tested by the Smog Check program. This information supports the findings of similarly shaped
emission distributions observed in the remote sensing data and a similar frequency of high
emitters in Los Angeles and other I/M program areas that have not been reduced by the
programs.
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Introduction
National Ambient Air Quality Standards (NAAQS) were first established as part of the Clean Air
Act Amendments (CAAA) of 1970 to protect the public health and environment.1 The law gave
the United States Environmental Protection Agency (U.S. EPA) regulatory standing to set
outdoor limits for exposure to many common air pollutants such as carbon monoxide (CO),
ozone and particulate matter. CO levels become elevated primarily due to direct emissions of the
gas, and ground-level ozone, a major component of urban smog, is produced by the
photochemical reaction of nitrogen oxides and anthropogenic and biogenic hydrocarbons (HC).
Ambient levels of particulate emissions can result either from direct emissions of particles or
semi-volatile species or from secondary reactions between gaseous species, such as ammonia
(NH3) and nitrogen dioxide (NO2). Sulfur dioxides (SO2) are emitted when the sulfur found in
fuel (i.e., gasoline, diesel or coal) is oxidized and emitted in the exhaust. Air monitoring
requirements followed and all urban areas are required to report the observed levels of all the
regulated species on a regular basis and are used to determine whether they meet the NAAQS.
The Clean Air Act technically does not require the States to meet the NAAQS, however, if
regions do not meet the NAAQS they are required to develop a plan that will bring them into
compliance. The statute outlines that failure to comply with the NAAQS will result in the loss of
Federal Funding for highway projects though to date no one has been penalized in this way.
These plans, called State Implementation Plans (SIPs), compile the actions a region will take to
ensure that the area will comply with the NAAQS by a certain date and have to be approved by
the U.S. EPA.2 The corrective actions are generally evaluated and supported by various types of
computer modeling to justify their inclusion in the SIP.
Transportation is commonly a significant source of many of the pollutants that cause regions to
be in violation of the NAAQS. Consequently, many of the earliest national regulations focused
on reducing the emissions of U.S. motor vehicles. This led both California and the U.S. EPA to
introduce emission standards for new vehicles and resulted in the introduction of unleaded
gasoline and exhaust oxidation catalytic converters for the control of tailpipe CO and HC
emissions. Requirements for additional reductions led to the invention of 3-way catalytic
converters in the early 80’s to not only address CO and HC emissions but to also limit oxide of
nitrogen emissions (NOx ≡ NO + NO2). These early efforts were not as successful as anticipated
in achieving the emissions reductions thought necessary to meet the NAAQS.3, 4
For many urban areas, vehicle Inspection and Maintenance (I/M) programs are one of the more
popular (for the regulators not necessarily the public) strategies to include in SIPs for attaining
the NAAQS. I/M programs were conceived by state regulators as a way to locally maintain new
car emission standards after the vehicle warranty period had expired. Under the 1977 CAAA the
U.S. EPA published guidelines that established criteria and performance standards for these
programs and began requiring them in SIPs. The initial program concepts were straight forward;
establish some type of emissions inspection with limits based on the age and type of the vehicle
and require each vehicle registered in the area to meet these limits on a prescribed periodic basis.
Repairs are suggested for vehicles that don’t meet the program limits, usually with an upper
1

dollar limit on those repairs, until the vehicle can pass a subsequent test. Failure to comply with
the program requirements most often results in the owner being unable to renew the vehicle’s
registration.
The emission test requirements for I/M programs have evolved since their inception. Most of the
earliest programs required some type of unloaded single or two speed tailpipe idle test. The
CAAA of 1990 required the U.S. EPA to develop I/M program regulations for two levels of
NAAQS violations. This included a basic program for moderate and lower level NAAQS
exceedances and an enhanced program for more serious violations. In general basic programs
continued to use the traditional idle testing protocols. The enhanced I/M programs were required
to replace the tailpipe idle testing with some type of loaded mode testing. The latter could be
done using either a transient dynamometer for testing a vehicle over a driving cycle (i.e. IM240
or IM147) or a steady state 2-wheel drive dynamometer (some 4-wheel drive vehicles cannot be
tested on a 2-wheel drive dynamometer and are administered some type of idle test) for
acceleration simulation mode testing (i.e. ASM 50/15 or ASM 25/25). Loaded mode testing has
now either been supplemented or replaced by the On-Board Diagnostic (OBD) test (1996 models
and newer) in which the emissions status of a vehicle is determined by interrogating its various
computer control systems.
In 2001 the National Research Council published a report entitled “Evaluating Vehicle
Emissions Inspection and Maintenance Programs” that scrutinized the then current methods
utilized for estimating emissions reductions achieved by I/M programs.5 The report discussed
four general approaches 1) the Reference method, 2) the Step Method, 3) the Comprehensive
Method and 4) the Modeling method. Each of these methods could use emission data collected
from the areas I/M program, random roadside inspection data, remote sensing measurements or a
combination of data as the source for conducting the evaluation.
The Reference method as prescribed by the U.S. EPA is one that has been used extensively. It
compares the vehicle emissions aggregated by model year collected from the I/M program under
evaluation with those collected from a reference program. The reference program ideally would
be comprised of emission measurements collected from vehicles operated in a non-I/M area but
can be emissions measured in another I/M program. Because of the availability of data from I/M
programs, the comparison is most often made with what is termed a “benchmark” I/M program.
The U.S. EPA has recommended this approach and the Phoenix AZ I/M program has often been
the benchmark program chosen for the comparison.6, 7 Emissions are compared by model year
after attempting to make adjustments for factors such as age, vehicle types, models, the
socioeconomic characteristics of owners, altitude, climate and fuels. The major advantage of the
Reference method is that the comparison can be conducted at any time during the life of a
program, and it can theoretically account for the effects of multiple I/M cycles, pre-inspection
repairs and estimate deterioration of emission repairs.
Difficulties in applying the reference method include the ability to acquire emissions test on a
random sample of vehicles, accounting for geographical differences such as temperatures, fuels
and socioeconomic differences and deciding what program is going to be used as the benchmark
2

program. One preferred method of data collection is to use data from random roadside
inspections. California has pioneered the use of this method of data collection and has used it
since the late 1980’s. However, the California Air Resources Board has pointed out the difficulty
involved in accounting for all of the emission differences between geographical areas when
attempting to designate a reference program despite the use of stratified sampling techniques. In
a 2000 report they observed the difficulties of comparing random roadside emissions data
between Sacramento and Los Angeles CA for the same I/M program. Using the Reference
method and depending on which city was used as the benchmark, the performance of the other
city’s I/M program could be better or worse though both programs are legislated to be identical.8
The choice of a legitimate reference program is often short-circuited in some state program
audits by using data from a single program. In this case the emissions differences are calculated
based upon a vehicles initial and final I/M tests.9 These reductions are then usually converted to
a mass basis and apportioned to the entire fleet to calculate the overall benefit. This is of course a
self-fulfilling analysis since passing tests will always have lower emissions than a previous
failing test by definition. These types of analysis require a significant number of assumptions,
such as all vehicles participate, passing tests after a failing test are only the result of actual
repairs and vehicles maintain their passing emissions during the following year. These
assumptions will all likely lead to an overestimate of emission benefits.
The Reference method can also be utilized with remote sensing data to do direct comparisons of
vehicle emissions in and out of an I/M area. A group at the Georgia Institute of Technology in
1994 did this for the Atlanta fleet.10 The group collected vehicle remote sensing measurements at
29 I/M sites within the Atlanta area and at 6 non-I/M sites in the cities of Augusta and Macon
GA. This study estimated that the basic I/M program in Atlanta reduced CO emissions by 20%
for cars and 14% for trucks. The University of Denver published a similar comparison using data
from three areas, Tucson AZ, El Paso TX and Ute Pass CO for CO and HC emissions.11 The
comparison between age adjusted means found that CO emissions were 9% and 5% lower in El
Paso and Ute Pass I/M fleets but 7% higher in the Tucson I/M fleet. HC emissions were 9%
lower in the I/M fleets in El Paso and Tucson (Ute Pass had no HC measurements). While these
data sets are randomly collected, ascribing all of the differences in the observed mean emissions
is still problematic.
The Step method improves upon the Reference method of I/M evaluation and was first used in
Denver CO by the Stedman group in 1995 and 1996.12 This method takes advantage of major
changes in an I/M program. In this method a single random sample of vehicle emissions can be
used to compare the emissions under the old and new program. In this way the vehicles still
under the old program can be used as the control fleet. This is a significant improvement in the
emissions comparison as there should be no need to correct for a myriad of external factors as in
the Reference method. The major disadvantage of this method is that it is only applicable during
a limited number of times when programs change and cannot, for example, evaluate emissions
from one I/M cycle to another.
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In the Denver comparison the major change was a switch from a basic I/M program that required
annual idle tests to a loaded mode testing program that only required testing once every two
years using odd and even model years to determine the test year. Using remote sensing
measurements collected at the end of the first year of loaded mode testing and segregating
vehicles by model year and test status this comparison found CO benefits between 4 ± 2% and 7
± 2%. There were no significant benefits found for HC and NO. The method was also employed
for an Atlanta fleet in 1997 that also was subject to a switch from an annual idle test to a
biannual idle test. The Atlanta program was also expanded by adding nine outlying counties not
previously required to be tested to the four counties that participated in the annual program. CO
benefits for the nine county area were 11.5% while the four county area showed a 4.9%
reduction. Unlike Denver, HC emissions reductions in Atlanta were also significant with benefits
of 26.7% for the nine county area and 5.7% for the four county area.
The Comprehensive method takes advantage of both I/M program emission inspection data and
on-road remote sensing data. Vehicles are grouped by their I/M program test results: initial pass,
fail/pass, fail/waiver and fail/no-pass and then followed over time by remote sensing. The I/M
program data can be enhanced with the addition of change of ownership testing that can be used
to shorten the cycle times analyzed for the benefits. Some of the advantages to this method are
that it can be used over any number of test cycles and not only emission benefits can be
calculated but the emission benefits of pretest repairs can be estimated as well as emission
deterioration rates between cycles. One disadvantage is that this method can only calculate
emission benefits between test cycles and not estimate the benefit difference with a non-I/M
fleet.
Wenzel employed this method to evaluate the Phoenix AZ enhanced I/M program and tracked
vehicles over two successive I/M test cycles.13 He found that the emissions benefits for all
species were less than 10% for a given fleet of vehicles that completed two biennial I/M cycles.
However, this study found that: (a) emissions of vehicles that passed their initial test in the first
cycle increased dramatically over the two years between tests; (b) 40% of the vehicles that failed
and subsequently passed their first cycle test failed their next biennial test. Half of these repeat
failures were for the same pollutants suggesting the initial repairs may not have been performed.
The remote sensing data also highlighted the fact that a significant number of vehicles that failed
an initial I/M test but did not return to pass a subsequent test remained active in the Phoenix area
further decreasing the overall program benefits.
This method was also used by the California Inspection and Maintenance Review Committee for
their 2000 audit of the California enhanced Smog Check program.14 Using road-side pullover
data the committee estimated emissions reductions of 17% for HC and 9% for NOx. Similar to
what Wenzel found in the Phoenix data ~10% of the vehicles in California that failed an initial
Smog Check did not return for a passing test and 5 to 10% of the on-road vehicles that were
eligible for testing were found to have never reported for a test.
The final method we will discuss is the use of computer modeling to estimate I/M benefits. The
U.S. EPA has created and maintained a series of computer models (MOBILE followed by
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MOVES) that can be used to generate emission factors for in-use fleets that have or have not
been subject to an I/M program.15 This approach is required as part of a State submitting a SIP
application and claiming emission reduction credits for the planned I/M program. California is an
exception and has its own EPA approved computer model (EMFAC) that it uses for its
conformity testing.16 The advantages of this method are that it is straight forward and does not
require the collection of any emissions data. The disadvantages are that the assumptions used to
construct the non-I/M fleet are not obvious and may or may not reflect a non-I/M fleet.
Whether the emission characteristics of non-I/M fleets are not well established in the model or an
their exists an inconsistency in the models approach to estimating the differences the calculated
emissions benefits of I/M programs have changed with each version. Table 1 provides a sample
of the published emissions benefits calculated for the Colorado I/M program by year and model
version. In general, on a percentage basis, the predicted benefits have decreased significantly
over time. This is counter-intuitive for real world fleets because on a percentage basis one would
have expected the benefits to increase. This is because as the emissions distribution has become
increasingly skewed in modern fleets it has led to a smaller number of vehicles being responsible
for a larger percentage of the total emissions. Therefore, finding and fixing each high emitter in
today’s fleet should result in a larger percentage reduction of the overall total emissions, not a
smaller one.
Table 1. Historical Emissions Reduction Predictions for the Colorado Denver-Metro I/M
Program by Year and U.S. EPA Model.
Year
Modeled
1987
1995
1997
2000
2008
2008
2017

Model

Predicted Percent Reductions
Reference
CO / HC / NOx / Test
MOBILE 2
-30 / -27.5 / NA / Idle
Colorado SIP Revisions 1982
-41 / -33 / NA / IM240
AIR Performance Audit, Radian
MOBILE 4.1
-38 / -26 / NA / Idle
Corp 1992
Performance Audit of AIR
MOBILE 5a
-34 / -43 / -24 / IM240
Program, ENVIRON 1998
Performance Audit of AIR
MOBILE 6
-19.8 / -14.8 / -4.9 / IM240
Program, ENVIRON 2003
Evaluation of AIR Program,
MOBILE 6.2
-15.5 / -8.7 / -7.3 / IM240
Klausmeier 2009
PrelimEvaluation of AIR Program,
-13.9 / -7.3 / -5.4 / IM240
MOVES2010
Klausmeier 2009
-16.3 / -22.9 / -15.4
AIR Program Performance
MOVES2014a
IM240 & OBDII
Evaluation, Klausmeier 2017

All of these evaluation methods require various assumptions that influence the final estimates of
emission benefits. For instance, in most of the previously discussed studies, the emission
differences are calculated using fleets that are known to have completed the program
requirements. This means that the calculated differences should be viewed as an upper limit for
the overall program benefits because, as has been noted by both Wenzel and the California I/M
Review Committee, not all of the eligible vehicles complete the program (initial fail/no final
5

pass) or even participate (no initial test). The exact emissions consequences that arise from the
failure to account for these vehicles is unknown, but it is expected to be detrimental and
therefore reduce the predicted benefits compared with the ideal case.
A second assumption in many of these analyses is that the emission levels of vehicles that fail an
I/M test, undergo repair and then pass a subsequent I/M test remain at the post-repair levels for a
long period of time. The assumption used in the early U.S. EPA MOBILE computer model
effectively resulted in emission repairs lasting for forever.17 This is based on the assumption that
the fleet after repairs will have the same emissions deterioration as before repairs.18 Other
authors have noted that this assumption will be a source of significant error in the modeled
benefit estimates.17, 19
In his study of the Phoenix AZ I/M program, Wenzel noted that the emissions benefit gained by
repairs was lost during the intervening time before the next scheduled test.13 Wenzel later found
that much of the observed emissions deterioration occurred because repairs were not initially
performed but that many vehicles (estimated as high as 74%) successfully passed a retest due
only to emissions variability.20, 21 Lawson used California’s random roadside surveys from
11,000 vehicles to reach a similar conclusion that vehicle owners were finding ways to pass the
test without repairing the vehicle.22 More recent California random roadside surveys collected
between 2003 and 2006 still showed a similar pattern with 59% of the vehicles that had failed
and then passed a Smog Check test failed the random roadside inspection within a year of the
original inspection.23
In addition to deterioration, there are the emission effects created by vehicles that never comply
with the requirements of the I/M program but continue to operate within the program area. This
can happen when failing vehicles legally register inside or outside the area but continue to
operate within the program area. Many of the state audits that evaluate I/M programs incorrectly
assume that vehicles that fail and do not come back to pass are removed from the program area.9
Stedman et. al showed that during the switch in Colorado from an annual to a biennial I/M
program that the CO emissions of vehicles registered outside the I/M area, but driving within it,
increased by 23 ± 2%.24 This illustrates a mechanism whereby vehicle emissions were exported
out of the program but not out of the air shed. The loss of vehicles from the program, but not the
area, will cause benefits calculated using the two groups of vehicles, those in and/or out of the
program, to be significantly overstated.
All of these methods ultimately compare some type of mean emissions value. It may be an
aggregated overall fleet average, or it may be a mean value distributed by age, model year or
vehicle grouping but the differences in emissions are wholly ascribed as a cause and effect of the
I/M program. This is a potential problem on several levels. The first is that vehicle emissions are
a product of many different factors and the comparisons being made are only as good as one’s
ability to identify and control for all of them. And the second is that it is difficult at best to
control for all of the possible factors that affect vehicle emissions. In the following paragraphs
we will discuss some but certainly not all of the factors one needs to potentially control for when
comparing mean emissions.
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Age is one important variable to control for in these analysis. In general mean emissions increase
with the age of the fleet. Figure 1 is a graph of mean fuel specific CO (top), HC (middle) and NO
(bottom) emissions versus age from the Chicago site collected in 1997 (●) and 2018 (▲). The
uncertainties are standard error of the mean calculated from the daily measurements. The age
effect on emissions have decreased dramatically over this 20 year time period but they have not
been completely eliminated as even the CO and HC emissions in the 2018 data are slightly
higher when one compares the oldest model year vehicles with the newest. However, CO and
HC emission differences for at least the first fifteen model years no longer exist. For NO the age
effects on emissions are still quite pronounced after the 2010 (9 years old) model year vehicles as
the introduction of Tier II vehicles in 2009 has eliminated most differences among the newest
models. For both the reference and the comprehensive comparison methods segregating the fleet
by model year is one approach used to control for fleet age differences.
A second important factor is the distribution of light-duty passenger car and trucks in the fleet.
Both on-road and model generated emission factors often show emission differences between
cars and trucks. Differences in emission means across individual model years can be the result of
changes in the proportions of cars versus trucks within each model year alone. Figure 2 is a
graph of non-diesel CO (top), HC (middle) and NO (bottom) fuel specific emissions data by
model year for the 2017 Tulsa site segregated by passenger vehicles and light-duty trucks. The
designation of passenger car or truck is determined by decoding the Vehicle Identification
Number (VIN) and is based on the vehicles U.S. EPA registered certification standard as
specified by its manufacturer. For the Tulsa site in 2017, the vehicles classified as trucks tend to
have equal or lower emissions than cars for all three species, especially for HC. Many of the
differences are small but on a percentage basis they add up especially since the newest model
years have the largest number of vehicles. This combined with the changes in the fleet passenger
car/truck distribution, where trucks are now in the majority in many places, makes this an
important factor to consider when making emission comparisons.
Driving mode, socioeconomic status and vehicle types are examples of variables that are more
difficult to control in an analysis of vehicle fleet remote sensing data. Figure 3 is a plot of fuel
specific CO (top), HC (middle) and NO (bottom) emissions versus Vehicle Specific Power
(VSP) for all of the data sets collected in Denver. Uncertainties are standard error of the mean
calculated from the daily measurements. The solid line in the bottom graph shows the fleet
measurement distribution (right-axis) for the 2017/2018 measurements. Much like age, the
influence of driving mode on fuel specific emissions has decreased significantly over the past 20
years. For CO and NO the most recent data set collected at the end of 2017 shows an essentially
flat emissions trend with VSP. However, HC still shows increases in emissions as you move to
lower VSP values (decelerations). This is one of the most important factors that explain the
observed increases in Denver HC emissions starting with the 2015 measurements (see Figure 6).
In 2015 the ramp used for collecting the measurements was rebuilt, lowering the slope and
increasing the radius of the curve, allowing higher speed driving modes that encourage
decelerations which has raised mean HC emissions. We can attempt to control for the effect VSP
has on emissions; however, this it is not as effective as controlling for age or the passenger
7
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Figure 1. Mean fuel specific emissions by vehicle age for the 1997 (●) and 2018 (▲)
Chicago data sets for CO (top), HC (middle) and NO (bottom). Uncertainties are standard
error of the mean calculated from the daily samples.
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car/truck distribution.
Recent research has shown that the socioeconomic status of the vehicle owner can also have an
impact on vehicle emissions.25 The analysis generally showed that vehicle emissions increased as
result of factors that simply go beyond age or passenger car/truck designation. Needless to say it
is difficult to control for factors that cannot be clearly identified. We do not have an example that
can be used to highlight socioeconomic influences on emissions but in Figure 4 we provide an
emission comparison for differences in vehicle technology type that could also be related to
purchase price. Figure 4 plots a comparison of fuel specific emissions for CO (top), HC (middle)
and NO (bottom) for non-diesel hybrid and passenger vehicle emissions collected at the West
Los Angeles site in 2013. There is more noise in the hybrid grouping because of a smaller
sample size and it should be noted that hybrid vehicles did not enter the fleet until the 2001
model year. If we compare the mean emissions for these 2001 – 2013 vehicles in this plot we
find that the hybrid vehicles have 29% lower CO emissions (5.3 vs 7.5 gCO/kg of fuel), 11%
higher HC emissions (2.4 vs 2.1 gHC/kg of fuel) and 68% lower NO emissions (0.16 vs 0.5
gNO/kg of fuel). If we age-correct the comparison by forcing the passenger vehicle age
distribution to match the hybrids we decrease the emission differences found in the CO (hybrids
are now 10% lower, 5.3 vs 5.9 gCO/kg of fuel) and NO (hybrids are now 47% lower, 0.16 vs 0.3
gNO/kg of fuel) comparisons but we do not completely eliminate them. The differences in the
HC emission means are unchanged. In 2013 hybrids made up only 3.4% of the measurements at
the West Los Angeles site but in 2018 they accounted for more than 7% of the measurements. It
is likely not possible to control for these type of emission differences even if one knows that they
exist. And in the case of socioeconomic differences, some factors will not be found in the vehicle
registration information making it impossible to correct for. This makes quantifying emission
differences directly attributable to the I/M program using only fleet mean emissions difficult at
best.
Should a program be considered successful if it only provides emission reductions from the
participating fleet? Or does it require that the program lower the area’s fleet emissions? The
ambient monitors that are used to facilitate and evaluate NAAQS compliance are impacted by all
of the individuals that own/operate vehicles in a metropolitan area and not just those that choose
to participate in an I/M program. We believe that if the emission reductions can only be
quantified from those that volunteer to be tested it is likely not lowering ambient emission levels.
If using mean emissions is problematic in determining the success of an I/M program then what
other metrics can we use to perform that evaluation?
The core purpose of all I/M programs is to increase the successful repair rate of malfunctioning
vehicles absent the program and this in turn should contribute to the reduction in ambient
emission levels. This means that I/M areas should have demonstrably different fleet emission
characteristics when compared with areas that do not have programs. This report aims to base its
evaluation of the effectiveness of I/M programs by comparing and contrasting emission
reduction trends, vehicle emission deterioration rates and to look for significant differences in the
fleet’s emission distributions. All of these approaches require a large number of vehicle emission
measurements collected over a long period of time from fleets that have or have not operated
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under an I/M program.
In 1997 the Coordinating Research Council contracted with the University of Denver to begin a
long-term on-road measurement campaign at a site in the northwest suburbs of the Chicago IL
area. Subsequent measurement campaigns were added at locations in Denver CO (1999),
Riverside CA (1999 – 2001 only), West Los Angeles CA (1999, replaced Riverside) and Phoenix
AZ (1998) that through 2007 produced thirty data sets and more than three quarters of a million
measurements.26 All of these areas included a local I/M program as part of those regions air
quality improvement programs. In 2003 we began collecting emission measurements in the
Tulsa, OK area to add a fleet that not only has never had an I/M program but is a large
metropolitan area isolated from other I/M program areas. This limits failing vehicles from being
imported into the fleet. In addition, two measurement campaigns were performed in Omaha NE
in 2002 and 2004, another area lacking an I/M program.
Measurements were continued in 2013 in all of the cities except for Phoenix AZ., where the
location was eliminated by roadway reconstruction, and Omaha NE. These additional
measurement campaigns (14 to date) have increased the number of data sets to forty four and
now contain more than a million measurement records. In addition to the CRC supported
measurements, the University of Denver has made vehicle emission measurements in additional
cities with and without an I/M program. In total we have collected 88 emission measurement
data sets with 18 of these data sets having been collected in 12 different cities that did not have
an I/M program at the time of the measurements. A full description of all of these sites, the
measurement campaigns and the database files collected can be found online at
www.feat.biochem.du.edu. This extensive emission data record will be used to compare and
contrast the fleet characteristics in these cities. A list of all of the data sets collected in the United
States by the University of Denver, organized by I/M program status, is included in Appendix A.
Emission Data Collection Methods
The emissions data that will be used in many of the analysis discussed in this report have been
collected using a remote vehicle exhaust sensor developed at the University of Denver for
measuring the pollutants in motor vehicle exhaust, and has been extensively described in the
literature.27-29 The instrument consists of a non-dispersive infrared (NDIR) component for
detecting CO, CO2, and HC, and twin dispersive ultraviolet (UV) spectrometers for measuring
oxides of nitrogen (NO and NO2), SO2 and NH3 (0.26 nm/diode resolution). The source and
detector units are positioned on opposite sides of the road in a bi-static arrangement. Collinear
beams of infrared (IR) and UV light are passed across the roadway into the IR detection unit, and
are then focused through a dichroic beam splitter, which serves to separate the beams into their
IR and UV components. The IR light is then passed onto a spinning polygon mirror, which
spreads the light across the four infrared detectors: CO, CO2, HC and reference.
The UV light is reflected off the surface of the dichroic mirror and focused onto the end of a
quartz fiber bundle that is mounted to a coaxial connector on the side of the detector unit. The
quartz fiber bundle is split in order to carry the UV signal to two separate spectrometers. The
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first spectrometer was adapted to expand its UV range down to 200nm in order to measure the
peaks from SO2 and NH3 and continue to measure the 227nm peak from NO. The absorbance
from each respective UV spectrum of SO2, NH3, and NO is compared to a calibration spectrum
using a classical least squares fitting routine in the same region in order to obtain the vehicle
emissions. The second spectrometer measures only NO2 by measuring an absorbance band at
438nm in the UV spectrum and comparing it to a calibration spectrum in the same region.30
The exhaust plume path length and density of the observed plume are highly variable from
vehicle to vehicle, and are dependent upon, among other things, the height of the vehicle’s
exhaust pipe, wind, and turbulence behind the vehicle. For these reasons, the remote sensor only
directly measures ratios of CO, HC, NO, NH3 or NO2 to CO2. The molar ratios of CO, HC, NO,
NH3 or NO2 to CO2, termed QCO, QHC, QNO, QNH3 and QNO2 respectively, are constant for a given
exhaust plume, and on their own are useful parameters for describing a hydrocarbon combustion
system. The instrument reports measured emissions as molar %CO, %HC, %NO, %NH3 and
%NO2 in the exhaust gas, corrected for water and excess air not used in combustion. The %HC
measurement is calibrated with propane, a C3 hydrocarbon. But based on measurements using
flame ionization detection (FID) of gasoline vehicle exhaust, the remote sensor is only half as
sensitive to exhaust hydrocarbons on a per carbon atom basis as it is to propane on a per carbon
atom basis.31 Thus, in order to calculate mass emissions as described below, the %HC values
reported will first be multiplied by 2.0 as shown below, assuming that the fuel used is regular
gasoline. These percent emissions can then be directly converted into mass emissions per gallon
by the equations shown below.
gm CO/gallon = 5506•%CO / (15 + 0.285•%CO + 2(2.87•%HC))
gm HC/gallon = 2(8644•%HC) / (15 + 0.285•%CO + 2(2.87•%HC))
gm NO/gallon = 5900•%NO / (15 + 0.285•%CO + 2(2.87•%HC))
gm NH3/gallon = 3343•%NH3 / (15 + 0.285•%CO + 2(2.87•%HC))
gm NO2/gallon = 9045•%NO2 / (15 + 0.285•%CO + 2(2.87•%HC))

(1a)
(1b)
(1c)
(1d)
(1e)

These equations indicate that the relationship between concentrations of emissions to mass of
emissions is linear, especially for CO and NO and at low concentrations for HC. Thus, the
percent difference in emissions calculated from the concentrations of pollutants reported here is
equivalent to a difference calculated from masses. Note that NO is reported as grams of NO,
while vehicle emission factors for NOx are normally reported as grams of NO2, even when the
actual compound is NO.
Another useful conversion is from percent emissions to grams of pollutant per kilogram (g/kg) of
fuel. This conversion is achieved directly by first converting the pollutant ratio readings to moles
of pollutant per mole of carbon in the exhaust using the following equation:
moles pollutant
momoles C

=

pollutant
=
(pollutant/CO2)
= (QCO,2QHC,QNO...) (2)
CO + CO2 + 6HC
(CO/CO2) + 1 + 6(HC/CO2)
QCO + 1 + 6QHC
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Next, moles of pollutant are converted to grams by multiplying by molecular weight (e.g., 44
g/mole for HC since propane is measured), and the moles of carbon in the exhaust are converted
to kilograms by multiplying (the denominator) by 0.014 kg of fuel per mole of carbon in fuel,
assuming gasoline is stoichiometrically CH2. Again, the molar HC/CO2 ratio must use two times
the reported HC (see above) because the equation depends upon carbon mass balance and the
NDIR HC reading is about half a total carbon FID reading.31
gm CO/kg = (28QCO / (1 + QCO + 6QHC)) / 0.014
gm HC/kg = (2(44QHC) / (1 + QCO + 6QHC)) / 0.014
gm NO/kg = (30QNO / (1 + QCO + 6QHC)) / 0.014
gm NH3/kg = (17QNH3 / (1 + QCO + 6QHC)) / 0.014
gm NO2/kg = (46QNO2 / (1 + QCO + 6QHC)) / 0.014

(3a)
(3b)
(3c)
(3d)
(3e)

Quality assurance calibrations are performed at least twice daily in the field unless observed
voltage readings or meteorological changes are judged to warrant additional calibrations. For the
multi-species instrument, three calibration cylinders are needed. The first contains CO, CO2,
propane and NO, the second contains NH3 and propane and the final cylinder contains NO2 and
CO2. A puff of gas is released into the instrument’s path, and the measured ratios from the
instrument are then compared to those certified by the cylinder manufacturer (Air Liquide).
These calibrations account for day-to-day variations in instrument sensitivity and variations in
ambient CO2 levels caused by local sources, atmospheric pressure and instrument path length.
Since propane is used to calibrate the instrument, all hydrocarbon measurements reported by the
remote sensor are reported as propane equivalents. Appendix B gives a list of criteria for
determining valid or invalid data.
Studies sponsored by the California Air Resources Board and General Motors Research
Laboratories have shown that the remote sensor is capable of CO measurements that are accurate
to within ±5% of the values reported by an on-board gas analyzer, and within ±15% for HC.32, 33
The NO channel used in this study has been extensively tested by the University of Denver, but
we are still awaiting the opportunity to participate in an extensive blind study and instrument
inter-comparison to have it independently validated. Tests involving a late-model low-emitting
vehicle indicate a detection limit (3σ) of 25 ppm for NO, with an error measurement of ±5% of
the reading at higher concentrations.28 Comparison of fleet average emission by model year
versus IM240 fleet average emissions by model year show correlations between 0.75 and 0.98
for data from Denver, Phoenix and Chicago.34
The remote sensor is accompanied by a video system to record a freeze-frame image of the
license plate of each vehicle measured. The emissions information for the vehicle, as well as a
time and date stamp, is also recorded on the video image. The images are stored digitally, so that
license plate information may be incorporated into the emissions database during postprocessing. A device to measure the speed and acceleration of vehicles driving past the remote
sensor was also used in this study. The system consists of a pair of infrared emitters and
detectors (Banner Industries) which generate a pair of infrared beams passing across the road, six
feet apart and approximately two feet above the surface. Vehicle speed is calculated (reported to
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0.1mph) from the time that passes between the front of the vehicle blocking the first and then the
second beam. To measure vehicle acceleration, a second speed is determined from the time that
passes between the rear of the vehicle unblocking the first and the second beam. From these two
speeds, and the time difference between the two speed measurements, acceleration is calculated
(reported to 0.001 mph/sec). Figure 5 shows a photograph of a typical setup of the FEAT
instrument at a freeway on-ramp in the Chicago, IL area.

Figure 5. The FEAT instrument setup at the Chicago sampling site. The IR/UV light source is
on the far side of the road opposite the detectors and calibration cylinders. The speed and
acceleration measurement system is the horizontal bar with the two yellow detectors just
beyond the detectors. Not pictured is the video camera which is down the roadway to the right
of this picture.
Databases for each measurement campaign are created by combining the valid emissions
measurements collected with vehicle license plates that are transcribed from the digital images of
each vehicle. The license plate is used to obtain non-personal vehicle information, make, model
year, VIN etc. from state vehicle registration records which is combined with the emissions
measurement. Not all of the States supply fuel and vehicle (truck/passenger car) type and so for
this project many of the data sets used have gone through an additional step to decode the VINs
for all the 1981 and newer model year vehicles. The National Highway Traffic Safety
Administration currently provides a free batch VIN decoder on the web
(https://vpic.nhtsa.dot.gov/api/) that can decode most vehicle VINs.
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Historical Emission Trends
With the long historical record of emission measurements in Chicago, Denver, Tulsa and Los
Angeles we will first look at fleet time trends. Figure 6 plots the historical fuel specific mean
emissions for CO (top), HC (middle) and NO (bottom) against measurement year for these data
sets. The uncertainties plotted are standard error of the mean determined using the daily mean
emissions for each sites campaign. The average HC values have been adjusted for this
comparison to remove an artificial offset in the measurements. Calculation of the offset is
accomplished by computing the mode and means of the newest model year and vehicles, and
assuming that these vehicles emit negligible levels of hydrocarbons and that the median of these
group’s emissions distribution should be very close to zero, using the lowest of either of these
values as the offset. The offset adjustment is subtracted or added to the individual hydrocarbon
measurements. This normalizes each data set to a similar zero point since it is assumed that the
cleanest vehicles emit few hydrocarbons. All of the HC measurements used in this study are
normalized in this way.
All of the sites tell a similar story with large reductions in emissions of all three species. Table 2
shows the overall percent emission reductions for the mean and 99th percentiles for Chicago,
Denver, Tulsa and West Los Angeles. Chicago (21 years) has the longest data record and Tulsa
(14 years) has the shortest. Emissions for all three species dropped quickly in the late 90’s and
early 2000’s (see Figure 6) for most all of the sites. The percentage reductions in the mean
emissions for Tulsa are lower than those for the other locations due simply to the differences in
absolute emissions levels among the sites with respect to the initial base years used for this
computation (e.g., calendar year 2003 for Tulsa versus 1997 for Chicago). The rate of reduction
in the mean emissions has slowed across all of the sites in recent years, especially since 2013.
Since 2016 there has been less consistency in the level of the CO and HC means as several of the
sites have shown small year over year increases only to be followed by subsequent decreases.
However, it is apparent that the mean values for the HC measurements are simply moving
around a lower limit since the 2007 measurement campaign which indicates that they have likely
reached the lower limit of detection for our instrument.
Several factors have likely contributed to the slowdown in the reduction of the mean emissions.
Since the recession of 2008 the average age of all of the fleets monitored increased by at least 1
model year (the Tulsa fleet was the least affected with only a 1.1 model year increase) though the
other sites saw age increases closer to 2 model years. These increases have recovered little since
the recession and appear to be here to stay. A second, and probably more important, factor is that
fuel specific emissions have showed little if any deterioration since the introduction of Tier II
vehicles in 2009. For all three of the major pollutants these vehicles maintain near-zero emission
averages for the first 8 to 9 years and then only show small fleet average increases after that.
This results in an every diminishing emissions benefit from fleet turnover as now an older nearzero emission vehicle is being replaced by a newer near-zero emission vehicle resulting in little
emissions benefit.35
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Figure 6. Mean fuel specific emissions by measurement year for Chicago, Denver, Tulsa and
West Los Angeles sites. Uncertainties are standard error of the mean determined using the
daily measurements.
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Table 2. Overall percent reductions in fleet mean and 99th percentiles for CO, HC and NO
emissions by location.
Location
Chicago, IL
Denver, CO
Tulsa, OK
West LA, CA

First and Last
Measurement Year and
Number of Data Sets
1997 / 2018 / 10
1999 / 2018 / 9
2003 / 2017 / 5
1999 / 2018 / 8

%△CO
Mean / 99th

%△HC
Mean / 99th

%△NO
Mean / 99th

86% / 75%
86% / 70%
67% / 66%
84% / 73%

66% / 56%
49% / 48%
47% / 27%
79% / 66%

84% / 48%
79% / 36%
62% / 16%
78% / 40%

In all four locations the overall percent reductions in the 99th percentiles are lower than for the
means (see Table 2). In general the differences for CO and HC are less than 20% (the one
exception is the Tulsa HC data) but for NO the reductions are all greater than 43%. This
highlights that the observed reductions in the mean are not uniformly spread across the entire
emissions distribution. In addition, the lower reductions observed in the NO 99th percentiles are
likely due to a combination of factors with the influence of diesel vehicles being one of the more
important. The Denver (3.4% in 2018 measurements) and Tulsa (3.1% in 2017 measurements)
fleets have the largest percentage of diesel vehicles in their fleets and also show the largest dropoff in the percentage reductions of the four sites.
In addition to comparing overall percent reductions we can calculate the year over year percent
rate of change for the mean emissions plotted in Figure 6 by taking advantage of our multiple
measurements at each site over time. A first order rate equation can be used to do this and is
represented as such:
ln[A] = -kt + ln[Ao]

(4)

This is an equation for a straight line where k is the slope, t is units of time (years) and A is the
quantity that’s measured (emission means). With multiple emission measurements from the same
area over time we can calculate the year over year percent change in those emissions. Plotting
the natural log of A (means) versus time (measurement year) and then fitting a least squares
straight line to the data results in the slope of the line times 100 equal to the percent change in
[A] over time. Figure 7 shows an example plot using the fleet mean CO emissions in gCO/kg of
fuel versus measurement year for non-diesel fleets from Chicago. A least square straight line fit
to the data produces a slope of -0.09 with a 95% confidence interval of 0.017 indicating that the
mean CO emissions have been declining at this site 9 ± 1.7% per year since the 1997
measurements.
We repeated this process for CO, HC and NO for the Chicago, Denver, Tulsa and Los Angeles
locations. For the NO calculations we have used only data sets where NO was collected using the
dispersive spectrophotometer instrument (since 1997). Where available we have included
additional data sets that were collected either at the same site, for example Denver Summer of
2005 at the same 6th Avenue location, or in the case of Los Angeles other data sets collected
within the basin. In Los Angeles we have included measurements collected at the Riverside site
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Figure 7. The natural log of the mean gCO/kg of fuel emission measurements for the 10 data
sets collected at the Chicago, IL site between 1997 and 2018 plotted against the measurement
year. Uncertainties are standard error of the mean determined from the daily measurements.
The equation for the straight line fit to the means is in the lower left hand corner and the slope
represents a -9 ± 1.7% (95%CI) change in CO/year.
in 1999, 2000 and 2001 as well as measurements collected in Van Nuys in 2010 and in Lynwood
in 2018.26, 36, 37 Table 3 shows the overall results and includes 95% confidence intervals for the
calculated changes.
Table 3. Year over year percent changes in fleet mean emission with 95% confidence interval
estimates.
Location
Chicago, IL
Denver, CO
Tulsa, OK
LA Basin, CA

First Measurement Year
and Number of Data Sets
1997 / 10
1999 / 10
2003 / 5
1999 / 14

%△CO/year
-9.0 ± 1.6
-9.9 ± 1.8
-8.4 ± 3.0
-9.5 ± 1.1

%△HC/year %△NO/year
-5.5 ± 1.6
-3.4 ± 3.7
-2.8 ± 4.4
-6.2 ± 2.2

-8.7 ± 1.6
-8.2 ± 1.2
-7.3 ± 2.7
-6.8 ± 1.2

All of the sites show year over year emission reductions and all of the reductions for CO and NO
are statistically significant at the 95% confidence interval. The exception is for HC where
Chicago and Los Angeles are the only sites to register an HC emission reduction which is larger
than the confidence interval estimates. The year over year reductions are the smallest in Tulsa
and the 95% confidence intervals are larger again owing to the smaller number of data sets as
well as the shortest overall time span of the campaigns conducted at this location.
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Table 4 compares the year over year percent change in fleet emissions for the four locations if
we base the analysis on a start year of 2003 – the first year of measurements in Tulsa. All of the
sites, within the 95% confidence intervals, now show lower fleet emission reduction rates that
are now similar to those found in Tulsa. For the three other locations the percent changes
observed are reduced from those calculated with the longer data record (see Table 3).
Table 4. Year over year percent changes in fleet mean emissions with 95% confidence
interval estimates using only measurements collected since 2003 to match Tulsa.
Location
Chicago, IL
Denver, CO
Tulsa, OK
LA Basin, CA

Starting Year
and Number of Data Sets
2002 / 6
2003 / 7
2003 / 5
2003 / 9

%△CO/year
-7.5 ± 2.8
-10.7 ± 3.1
-8.4 ± 3.0
-7.9 ± 1.7

%△HC/year %△NO/year
-4.2 ± 3.4
-0.9 ± 6.0
-2.8 ± 4.4
-4.6 ± 4.5

-7.9 ± 3.7
-8.0 ± 2.3
-7.3 ± 2.7
-6.3 ± 2.4

Very few state I/M programs inspect diesel vehicles for emissions. Colorado and California
perform smoke inspections for some model year vehicles and California performs an OBDII
inspection on diesel vehicles with model years 1998 and newer. Diesel vehicles are generally not
a significant source of CO and HC emissions due to their lean burn engines. However, for this
same reason they can have an oversized effect on fleet NO emissions. Because of this we have
also calculated the year over year percent changes in emission for the non-diesel fleet. This
largely affects the Denver and Tulsa fleets the most as they have the largest percentages of diesel
vehicles. Table 5 repeats the results shown in Tables 3 and 4 calculating the year over year
percent changes for the non-diesel fleet and their 95% confidence intervals. Restricting the
analysis to include only those datasets that cover the period spanned by the measurement
campaigns in Tulsa produces the year over year percent changes for non-diesel fleets also shown
in Table 5 and plotted in Figure 8.
Table 5. Year over year percent changes in the non-diesel fleet mean emissions with 95%
confidence intervals using all measurement years or only those collected to match Tulsa.
Location
Chicago, IL
Denver, CO
Tulsa, OK
LA Basin, CA

First Measurement Year
and Number of Data Sets
1997 / 10
2002 / 6
1999 / 10
2003 / 7
2003 / 5
1999 / 14
2003 / 9

%△CO/year
-9.0 ± 1.7
-7.4 ± 2.8
-9.9 ± 1.8
-10.7 ± 3.1
-8.4 ± 3.0
-9.6 ± 1.1
-8.1 ± 1.7

%△HC/year %△NO/year
-5.6 ± 1.6
-4.3 ± 3.4
-3.4 ± 3.6
-1.0 ± 5.9
-2.7 ± 4.7
-6.6 ± 2.0
-5.0 ± 4.1

-9.4 ± 1.6
-8.6 ± 3.8
-9.1 ± 1.5
-8.8 ± 2.8
-8.0 ± 3.1
-7.1 ± 1.0
-6.5 ± 1.8

When we eliminate the diesel powered vehicles, the year over year percent changes for CO and
HC, do not significantly change from the values found when using the entire fleet (see Table 3).
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Figure 8. Year over year percent changes in the non-diesel fleet mean emissions for CO (top),
HC (middle) and NO (bottom) with 95% confidence interval estimates using only
measurements collected since ~2003 to match the Tulsa measurements.
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A similar result is also obtained when we shorten the time period to match the span covered by
the Tulsa measurement campaigns (see Table 4). However, the calculated year over year percent
changes in NO emissions are larger for all the sites and comparisons when the analysis is
restricted to just the non-diesel powered vehicles. Although the magnitude of the differences is
not in most cases larger than the 95% confidence intervals, it suggests that NO emissions have
decreased faster for the non-diesel fleet than they have in the diesel fleet.
Since 2003 the changes in emissions for CO, HC and NO are statistically similar across all four
sites despite differences in fleet ages, car and truck distribution and driving mode differences
(see Figure 8). The uncertainties are larger for this shorter ~14 year time period as expected but
reductions for CO and NO emissions are all statistically significant at these four sites. HC
emission reductions are smaller and are not statistically different from zero for Denver and Tulsa
while for Chicago and the LA basin the declines are significant though smaller than for CO and
NO.
Mean emissions in today’s fleets vary on a percentile basis from city to city based on fleet age
and the species measured. Generally mean CO values represent a percentile value found from the
low to mid 70’s to the low 80’s, mean HC values are in the 60’s and mean NO values are found
in the mid 80’s. The mean emissions therefore do not give a complete picture of what year over
year emission changes are occurring at the very top of the emissions distribution. Using the same
process demonstrated in Figure 7, Table 6 shows the calculated year over year percent changes
for the 99th percentile values for CO, HC and NO for the same four cities or regions as in the
case for Los Angeles. When compared with the year over year percent changes for the fleet mean
emissions (see Table 3) all of the reductions for each species are less. Reductions for NO are
significantly less but this comparison is for the entire fleet and as such still includes diesel
vehicles and in particular Volkswagen and Audi diesel vehicle measurements collected between
2013 and 2016.38 For the Denver and Tulsa fleets which have the largest fleet representation of
diesel vehicles the reductions observed for the 99th percentiles are not significant at the 95%
confidence interval.
Table 6. Year over year percent changes for the 99th percentile in fleet emissions with 95%
confidence interval estimates.
Location
Chicago, IL
Denver, CO
Tulsa, OK
LA Basin, CA

First Measurement Year
and Number of Data Sets
1997 / 10
1999 / 10
2003 / 5
1999 / 14

%△CO/year
-6.6 ± 1.2
-6.8 ± 0.7
-8.2 ± 1.6
-7.3 ± 0.5

%△HC/year %△NO/year
-3.9 ± 1.9
-3.1 ± 3.3
-0.4 ± 7.1
-3.3 ± 2.0

-3.0 ± 1.3
-2.3 ± 3.2
-1.1 ± 1.9
-1.9 ± 0.8

Table 7 provides the comparison for the 99th percentile where we have eliminated the diesel
vehicles from the fleet. Changes for the CO and HC emissions are again unchanged, however,
the observed reductions in NO emissions for the non-diesel portions again increases at every site
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Table 7. Year over year percent changes in emissions for the 99th percentile for the non-diesel
fleet with 95% confidence interval estimates.
Location
Chicago, IL
Denver, CO
Tulsa, OK
LA Basin, CA

First Measurement Year
and Number of Data Sets
1997 / 10
1999 / 10
2003 / 5
1999 / 14

%△CO/year

%△HC/year %△NO/year

-6.6 ± 1.2
-6.8 ± 0.7
-8.2 ± 1.7
-7.3 ± 0.5

-3.9 ± 1.8
-3.1 ± 3.2
-0.5 ± 7.2
-3.4 ± 2.0

-3.6 ± 1.4
-3.0 ± 3.2
-1.6 ± 1.9
-2.0 ± 0.8

though for Denver and Tulsa those changes are still not significant at the 95% confidence
interval.
Table 8 and Figure 9 show the year over year percent changes for the 99th percentile of the nondiesel fleet when we restrict the analysis to include only those datasets collected within the same
time span of the campaigns performed in Tulsa. CO is the only species that shows statistically
significant year over year reductions since 2003 though generally at a lower rate than observed
for the changes in the mean emissions (see Table 5). Changes for HC and NO are also lower, to
the point that only the Chicago fleet (the youngest of the group) shows statistically significant
reductions while in the other three locations the changes are not statistically different than zero.
The shorter time period increases the uncertainty but these trends indicate that emissions from
malfunctioning vehicle (i.e., those in the top or 99th percentile of the fleet distribution) have not
decreased as much since 2003 and are a drag on fleet mean emissions.
Table 8. Year over year percent changes in emissions for the 99th percentile for the non-diesel
fleet with 95% confidence interval estimates since 2003.
Location
Chicago, IL
Denver, CO
Tulsa, OK
LA Basin, CA

First Measurement Year
and Number of Data Sets
2002 / 6
2003 / 7
2003 / 5
2003 / 9

%△CO/year
-5.2 ± 1.7
-7.3 ± 1.0
-8.2 ± 1.7
-7.4 ± 1.2

%△HC/year %△NO/year
-3.1 ± 1.8
-1.3 ± 5.3
-0.5 ± 7.2
-2.1 ± 3.1

-3.6 ± 3.4
-1.8 ± 5.8
-1.6 ± 1.9
-1.5 ± 1.5

Comparison with the MOVES2014a model
SIP’s are submitted to the U.S. Environmental Protection Agency when a state or region is in
violation with the NAAQS. In the SIP the state will detail the steps it plans on taking to lower
ambient emissions and bring the region into compliance with the NAAQS. All of the actionable
items in the SIP have to be justified in some fashion to account for the emission reductions that
are being targeted for credit from the EPA. State inspection and maintenance plans are generally
evaluated by running the latest approved version of the EPA computer model Motor Vehicle
Emission Simulator of MOVES.15 In addition, many states also perform some type of periodic
audit of their inspection and maintenance programs and again one of the chosen methods for
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Figure 9. Year over year percent changes in the 99th percentile emission levels for CO (top),
HC (middle) and NO (bottom) with 95% confidence interval estimates for the non-diesel fleet
using only measurements since ~2003 to match the Tulsa measurements.
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performing the evaluation is to use MOVES to predict the emission reductions that the I/M
program achieves.
The State of Colorado is one of the States that perform periodic audits of their Automobile
Inspection and Readjustment (AIR) program which inspects light-duty vehicles in a seven county
area around Denver (Adams, Arapahoe, Boulder, Broomfield, Denver, Douglas and Jefferson).
One such audit was performed in 2017 by the consulting firm de la Torre Klausmeier Consulting
who used MOVES2014a and 2015 - 2016 data from the AIR program to calculate the percent
reductions in ozone precursor emissions in 2017.39 In particular the model was used to calculate
the percent reductions in exhaust hydrocarbons, carbon monoxide and oxides of nitrogen.
MOVES was run for an average July weekday in 2017 and it predicted that the AIR program
reduced CO emissions by 16.3%, HC emissions by 22.9%, and NOx (NO + NO2) emissions by
15.4%.39
The University of Denver acquired the MOVES2014a input files from the Department of Public
Health and Environment that were used in the 2017 audit. These files provide the fleet
composition, fuel characteristics, driving patterns, meteorological conditions and the I/M
program parameters. With these files we ran the MOVES2014a model for the Denver Metro area
with and without the I/M program to generate fleet emissions for the two scenarios. We restricted
the model output to only include gasoline passenger cars and light-duty trucks (generally the
only vehicles the program applies to). We also restricted the model to only model emissions for
an urban restricted access highway which best describes the Denver CO and Tulsa OK remote
sensing sampling sites. Appendix C includes a listing of the MOVES2014a runspec created by
the program and a directory of the files supplied by the State of Colorado. Using the parameters
and inputs mentioned above, MOVES2014a predicted an I/M benefit of 17.9% for CO, 33% for
HC and 21.9% for NOx (a 22.4% reduction for NO). These reductions are slightly higher than
predicted in the State audit, likely the result of restricting the output to only one roadway type for
this comparison.
Since FEAT measures molar ratios of each species to CO2, one direct way to compare the FEAT
measurements with the model predictions is to convert the MOVES2014a grams of emissions
into molar ratios. We configured the model to output grams of CO, CO2, HC (grams of carbon)
and NO for gasoline fueled light-duty cars and trucks by model year. We converted the grams of
each species into moles using the molecular weight of each species and then divided each
pollutant species moles by the moles of CO2 to provide a predicted molar ratio for each model
year and vehicle type.
Figures 10 and 11 compare the molar ratios for CO (top), HC (middle) and NO (bottom) versus
model year for the four passenger car (Figure 10) and truck (Figure 11) fleets. The four fleets are
the MOVES2014a Denver Metro area without I/M ( ), MOVES2014a Denver Metro area with
I/M ( ), Denver FEAT on-road measurements with I/M ( ) and Tulsa FEAT on-road
measurements without I/M ( ). The uncertainties plotted for the FEAT data are standard error
of the mean calculated using the daily measurements at each site. Table 9 list the means for the
molar ratios for the overall fleets and for the segregated passenger car and truck fleets graphed in
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Figure 10. Non-diesel passenger car mole ratios to CO2 for CO (top), HC (moles of carbon,
middle) and NO (bottom) versus model year for MOVES2014a (July 2017 weekday, urban
restricted access road type) Denver Metro no I/M fleet ( ), Denver Metro I/M fleet ( ),
FEAT 2017 on-road measurements from Denver ( ) and Tulsa ( ). Uncertainties for the
FEAT data are standard error of the mean calculated from the daily measurements.
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Figure 11. Non-diesel truck mole ratios to CO2 for CO (top), HC (moles of carbon, middle)
and NO (bottom) versus model year for MOVES2014a (July 2017 weekday, urban restricted
access road type) Denver Metro no I/M fleet ( ), Denver Metro I/M fleet ( ), FEAT 2017
on-road measurements from Denver ( ) and Tulsa ( ). Uncertainties for the FEAT data are
standard error of the mean calculated from the daily measurements.
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Table 9. Non-Diesel mean molar ratios for the MOVES2014a urban restricted access outputs
and for the Denver and Tulsa 2017 measurements. Means are calculated for the individual
fleets, passenger cars and trucks and two matching age distributions for the Tulsa fleet.
Fleet
Mean CO/CO2
Mean HCa/CO2
Mean NO/CO2
MOVES2014a with I/M
0.018
0.00053
0.001
MOVES2014a No I/M
0.022
0.00078
0.0013
Denver 2017
0.0051 ± 0.0002
0.0014 ± 0.0001
0.00067 ± 0.00002
Tulsa 2017
0.0064 ± 0.0002
0.00095 ± 0.00007
0.00057 ± 0.00005
Passenger Cars
MOVES2014a with I/M
0.017
0.00047
0.00082
MOVES2014a No I/M
0.02
0.00066
0.0011
Denver 2017
0.0065 ± 0.0008
0.0019 ± 0.0002
0.00076 ± 0.00005
Tulsa 2017
0.0069 ± 0.0004
0.0013 ± 0.0001
0.00057 ± 0.00005
Trucks
MOVES2014a with I/M
0.02
0.0006
0.0012
MOVES2014a No I/M
0.024
0.00093
0.0015
Denver 2017
0.0044 ± 0.0002
0.0011 ± 0.0001
0.00064 ± 0.00002
Tulsa 2017
0.0061 ± 0.0002
0.00075 ± 0.00005
0.00057 ± 0.00005
Match Tulsa Fleet Age and Car/Truck Distribution
MOVES2014a with I/M
0.015
0.0004
0.0006
MOVES2014a No I/M
0.018
0.00046
0.00077
Denver 2017
0.0037 ± 0.0001
0.0017 ± 0.0001
0.00051 ± 0.00001
Tulsa 2017b
0.0064 ± 0.0002
0.00095 ± 0.00007
0.00057 ± 0.00005
Match Tulsa Age and Car/Truck Distribution for MY 2011-2017
MOVES2014a with I/M
0.012
0.00015
0.00025
MOVES2014a No I/M
0.012
0.00015
0.00025
Denver 2017
0.0014 ± 0.0003
0.0046 ± 0.0005
0.00023 ± 0.00001
Tulsa 2017
0.0029 ± 0.0001
0.00059 ± 0.00001
0.00012 ± 0.00002
a
moles of carbon
b
note these means are the same as the Tulsa fleet means given above
Figures 10 and 11. For the FEAT data the size of the uncertainties grows significantly after the
1995 model year vehicles and is the result of a rapidly diminishing number of measurements. For
Tulsa there are less than 100 measurements for each of the 1996 and older model years while in
the Denver data that point is reached with the 1994 model year.
One observation resulting from the model year emissions comparisons in Figures 10 and 11 is
that because Denver exempts the first seven model years from the I/M program (there is an
exception for titled vehicle transfers but this is a small number compared to the size of this fleet)
the MOVES model forces the fleet mean emissions to be the same for both the I/M and non-I/M
scenarios. This means that any MOVES2014a predicted differences in emissions do not occur
until the eighth model year (2010 model year). This produces a curious effect for the I/M
scenario where 8 year old vehicles are predicted to have lower fleet average emissions than 7
year old vehicles for all three species. It is more pronounced with CO where 8, 9, 10 and
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continuing for trucks 11, 12 and 13 year old vehicles all have lower emissions than the 7 year old
group. It is not known if these differences are statistically significant but the differences
observed in the on-road data for these age groups are not at a 95% confidence level.
Comparing the fleet mean fleet ratios in Table 9, the CO and NO on-road measurements in both
Denver and Tulsa are significantly lower than those predicted by the MOVES2014a model for
either of the I/M or non-I/M scenarios. The observed CO/CO2 means in Denver are 3.5 times
lower and the Tulsa CO/CO2 mean is 2.8 times lower than that estimated by MOVES2014a for
the I/M scenario. The NO/CO2 means in Denver and Tulsa are 1.5 and 1.8 times lower. HC/CO2
mean emissions are higher in both cities when compared to the means estimated by
MOVES2014a with I/M averages. Even if the percent differences calculated by the
MOVES2014a model for this driving mode are correct the absolute emissions reductions
(tons/day) predicted for CO and NO are at least factors of 3 and 1.5 times lower than estimated
based on the remote sensing measurements made at these sites.
Comparing just the on-road fleet emissions, the Tulsa fleet has higher mean CO emissions
(+20%) than observed in Denver, but lower HC (-32%) and NO (-15%) emissions. Some of these
differences are undoubtedly the result of factors other than an inspection and maintenance
program. These likely include such differences as fleet age, car/truck distribution, and the
socioeconomic makeup of the fleet. For example the Denver 6th Avenue fleet consists of 32%
passenger cars and 68% trucks and is 9.2 years old while in Tulsa we find a fleet that is
composed of 39% passenger cars and 61% trucks and is 8 years old. In comparison, the State of
Colorado inputs for the Denver fleet in MOVES2014a are quite different than either of our
observed fleets with 54% passenger cars and 46% trucks with a fleet age of 10.5 years old. These
data may reflect regional registration statistics but are significantly different than the observed
on-road fleet. The differences between the Denver and Tulsa HC emissions are likely the result
of driving mode differences. The rebuilt ramp in Denver has increased the number of observed
high speed decelerations accompanied by higher HC emissions (see Figure 6), especially in the
newest model year vehicles. For NO the differences in fleet mean emissions are again
attributable to the lower emissions observed in the newer model year vehicles (2010 & newer).
To overcome some of the fleet makeup differences found in the MOVES model we can attempt
to control for the differences in the fleets car/truck distribution by restricting the comparisons to
just cars and trucks and those mean molar ratios are given in the next few rows in Table 9. For
the Denver and Tulsa data all of the truck molar ratios are lower than those found for the cars.
The one exception is for NO emissions in Tulsa where the mean values are the same. The
opposite pattern is observed for the MOVES2014a estimates where the trucks have higher ratios
in each case. The CO differences observed in the overall fleet means between Denver and Tulsa
are largely the result of differences seen in the truck fleets as the passenger car means at these
two sites are similar. For HC and NO the Denver fleet has slightly higher emission ratios than the
Tulsa fleet for both the car and trucks.
There are at least two additional factors to consider when making the car/truck comparison. In
general, trucks have lower fuel specific emissions than passenger cars because the standards are
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written in grams/mile and trucks generally consume more kilograms of fuel per mile than cars.
Since the standards were harmonized with Tier II vehicles in 2009 higher fuel consumption will
require a lower g/kg of fuel emissions level to meet the same g/mile standard. The second is fleet
age. Trucks are newer than passenger cars in both the Tulsa (7.8 versus 8.2 years old) and
Denver (8.8 versus 10.1 years old) on-road data sets and while age is less of an effect than it was
in the past, emissions still show some increases with age. The State of Colorado MOVES2014a
inputs are again significantly different from our on-road fleets with the trucks slightly older
(10.64 years old) than the passenger car fleet (10.46 years old).
The effect of mitigating differences in age and car/truck distribution is presented in the rows
labeled “Match Tulsa Fleet Age and Car/Truck Distribution” in Table 9 showing the artificial
means calculated for the MOVES2014a and Denver fleet if we match the age and car/truck
distribution observed in the Tulsa fleet. Even with the significant age reduction applied to the
MOVES2014a fleet the CO and NO emissions found in Tulsa are still lower than predicted by
the model regardless of I/M status. The differences for CO between Denver and Tulsa increase
significantly when age is taken into account from +20% higher CO emissions in Tulsa in the
general fleet comparison to a +42% difference when the age and car/truck distribution is
normalized. The HC means change little with the age adjustment while the adjustment flips the
NO emissions difference where the Denver fleet now has slightly lower (-12%) emissions though
these differences are likely not statistically significant.
An effect of I/M on the emissions from the newest 7 model years represented in the fleet can be
completely ruled out since the Denver Metro program exempts these vehicles from inspection.
Using the Tulsa age and car/truck distribution for just the 2011 to 2017 model year vehicles we
again calculated artificial means for the MOVES2014a and Denver fleets and they are listed in
the last four rows of Table 9 labeled “Match Tulsa Age and Car/Truck Distribution for MY
2011-2017". This comparison provides a basis on which to judge all of the previous differences
in terms of the magnitude of any I/M benefits in the Denver fleet as these model years account
for 55% of the Tulsa fleet and 48% of the Denver fleet. As previously mentioned because of the
exemption, mean emission for these model year vehicles are the same under both the I/M and
non-I/M MOVES2014a scenarios. The difference between the Tulsa and Denver CO emissions
shown in this section of Table 9 is 52%, the largest of all the comparisons shown in the table.
This indicates that a majority of the CO differences observed between the two fleets have to do
with factors not associated with any I/M effects. For NO we see a similar situation: the higher
NO emissions in Denver are impacted by the fact that NO emitted by the 2011 -2017 models is
48% higher than those from the same model years in the Tulsa fleet. Again, these differences are
not the result of age, car/truck distribution or I/M but point out that comparing mean emission
levels and ascribing the differences found to a single cause can be problematic.
Finally Figures 12 – 14 graph the molar ratios for CO, HC (moles of carbon) and NO of the nonI/M fleet versus the molar ratios for the I/M fleet. The top graph in each figure compares the
non-diesel Tulsa (non-I/M) fleet with the Denver (I/M) fleets while the bottom graph compares
the two scenarios emissions estimated by MOVES2014a for the gasoline car and truck fleets.
Age is accounted for by plotting the means of each model year (2017 – 1987). The Denver
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Figure 12. 2017 Tulsa non-diesel mean CO molar ratios, grouped by model year (2017 –
1987), versus 2017 Denver data forced to match the Tulsa car/truck distribution (top panel).
MOVES2014a gasoline mean CO molar ratios for the Denver Metro area with I/M, grouped
by model year (2017 – 1987), for passenger vehicles ( ) and trucks (∆) against the same
fleet without I/M. Uncertainties in the top panel are standard error of the mean calculated
from the daily measurements. The diagonal lines are 1:1 lines drawn for comparison.
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Figure 13. 2017 Tulsa non-diesel mean HC (carbon) molar ratios, grouped by model year
(2017 – 1987), versus 2017 Denver data forced to match the Tulsa car/truck distribution (top
panel). MOVES2014a gasoline mean HC (carbon) molar ratios for the Denver Metro area
with I/M, grouped by model year (2017 – 1987), for passenger vehicles ( ) and trucks (∆)
against the same fleet without I/M. Uncertainties in the top panel are standard error of the
mean calculated from the daily measurements. The diagonal lines are 1:1 lines drawn for
comparison.
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Figure 14. 2017 Tulsa non-diesel mean NO molar ratios, grouped by model year (2017 –
1987), versus 2017 Denver data forced to match the Tulsa car/truck distribution (top panel).
MOVES2014a gasoline mean NO molar ratios for the Denver Metro area with I/M, grouped
by model year (2017 – 1987), for passenger vehicles ( ) and trucks (∆) against the same
fleet without I/M. Uncertainties in the top panel are standard error of the mean calculated
from the daily measurements. The diagonal lines are 1:1 lines drawn for comparison.
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means have been calculated using the Tulsa car/truck ratio for each model year so that this
distribution is the same for each location. Uncertainties for the Tulsa and Denver measurements
are standard error of the mean calculated using the daily distributions. The diagonal lines are 1:1
lines drawn for comparison.
The MOVES2014a predictions for the I/M and non-I/M scenarios follow a similar pattern for all
three pollutants. The first seven model years (2017 -2011) have identical emissions since they
are exempt from the I/M program. Beginning with the eighth and following model years the nonI/M fleet has increasingly higher emissions than the I/M fleet. Cars and trucks follow a similar
emissions path increasingly farther away from the 1:1 line indicating similar model emission
estimates for both. For the Tulsa and Denver comparison the majority of points lie within the
measurement uncertainties of the 1:1 line. However, after approximately the 1995 model year the
number of measurements decline rapidly (less than 70 in Denver and less than 40 in Tulsa) and
the uncertainties increase substantially. The on-road comparison between Tulsa (non-I/M) and
Denver (I/M) does not show this increasing emission difference as predicted by the model.
There are noticeable differences in the NO plot where the Tulsa fleet has higher emissions
between the 1995 and 2002 model years. The pattern observed for both the cars and trucks is that
Tulsa has generally lower NO emissions for 2007 and newer vehicles and Denver has lower NO
emissions for 2005 and older vehicles. Since the majority of the vehicles are found in the newer
model years, the differences in emissions observed in the older models do not substantially
impact the comparisons of the fleet means.
Comparison Using Fleet Emission Distributions
In 1993 Pitchford and Johnson published a paper detailing an empirical model that could be used
as the framework for conceptualizing fleet emissions and their distribution.40 They observed that
fleet emission distributions, measured by remote sensing, were stable for extended periods of
time and were similar at different locations. This is despite the many known short term variations
an individual vehicle’s emissions might experience as previously discussed. As a result, fleet
emission distributions could be represented as a system at equilibrium only affected by long term
variations in vehicle emissions. Figure 15 is a simple flow diagram of the Pitchford and Johnson
model showing the inputs and outputs along with the possible long term variations that affect the
fleet emission distribution. The vehicle fleet is subdivided into a low emitting group and a gross
or high emitting group, with the former having emissions greater than a predefined level. To
further simplify the model the authors assumed that the scrappage rate was equal to the number
of new vehicles entering the fleet so that it is held constant.
Using this model, the emissions distribution of a fleet is defined by the cut-point chosen to
partition the two emissions groups. The long term changes in the emission distribution are
defined by two independent rate constants 1) a Malfunction (kM) rate constant that is the rate of
vehicles moving from the low emitting group to the gross emitting group and 2) a Repair (kR)
rate constant which is the rate vehicles leave the gross emitting group and move to the low
emitting group. The impact on the emissions distribution is straight forward using this definition
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Figure 15. Flow diagram of the Pitchford and Johnson box model of vehicle emissions.
for the fleet. If the two rate constants are equal the emissions distribution will not change over
time. If the Malfunction rate is larger than the Repair rate the total emissions will increase over
time. For the reverse situation where the Repair rate is larger than the Malfunction rate the fleet
emissions will decrease and the distribution will become more skewed and the gross emitting
group will contribute an increasing portion of the total. For very large differences in the rate
constants the model would eventually require all vehicles to move into either one or the other of
the two groups.
Figure 16 uses the 10 data sets collected at the Chicago site to provide a representation of the
changes in the emission distributions over time by graphing the percentage of the fleet that
exceeds a chosen gross emitter cut-point by model year. For these plots we have chosen a cutpoint of 50 gCO/kg of fuel, 5 gHC/kg of fuel and 5 gNO/kg of fuel. These cut-points are not
meant to be proposed as realistic values that would define a gross emitting vehicle but have been
chosen so that the most recent datasets still have some measurements that exceed them. For
comparison these cut-points are roughly the mean emissions of the fleet measured in 1997 and
are factors of 3 to 7 times the means measured in 2018. The CO percentages are plotted in the
top panel; HC is the middle panel and NO in the bottom panel.
All three species record the highest number of exceedances for these cut-points with either the
1997 or 1998 measurements. With each subsequent set of measurements the percentage of
measurements exceeding the cut-point decreases and for CO and NO a noticeable shift occurs in
the shape of the pattern and the location of the peak model year. For CO the peak in exceedances
moves to older model years until in the newest data sets (2014, 2016 and 2018) it is spread
uniformly across the newest 12 to 15 model years but at percentages that are an order of
magnitude lower than previously found.
For HC the percent of vehicles exceeding the cut-point decreases as well but the shape and peak
vehicle age of those exceedances remains similar across all of the data sets. However, in the most
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Figure 16. Percent of fleet CO, HC and NO measurements that are above 50 gCO/kg of fuel
(top), 5 gHC/kg of fuel (middle) and 5 gNO/kg of fuel (bottom) grouped by measurement year
versus model year for the 10 Chicago data sets.
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recent data sets the HC exceedances are lower by a factor of 2 to 3 and the peak remains located
where the majority of the vehicles are found in the newer model years.
The reductions in NO exceedances look more like those found for CO, with the exception that
peak exceedances are not spread evenly over the first 10 to 15 model years in the most recent
data sets. The introduction of Tier II vehicles has dramatically reduced NO levels for the 2009
and newer model year vehicles. This results in the peak exceedances for NO now occurring in 15
year old vehicles or 5 to 10 years older than seen in the older data sets despite the fact that the
majority of vehicles are found in the 2009 and newer model year vehicles (73% of the fleet for
the 2018 Chicago data set).
In the Pitchford and Johnson model the fraction of the fleet that is in the gross emitting group is
regulated by the combination of the malfunction and repair rate of the fleet.40 It would be highly
desirable to find a method whereby we could solve for the values of these two rate constants.
However, we have not found a way to unequivocally separate and solve for the two rate
constants. But we can compare our four locations using the previous emission cut-points to see
what if any differences exist in the fleet percentages that exceed them and which model year or
years the peak exceedances occur in. Figure 17 makes this comparison for the most recent data
sets collected in Chicago (Sept. 2018), Denver (Dec. 2017 and Jan 2018), Tulsa (Sept. 2017) and
West Los Angeles (May 2018). We again for these plots have chosen a cut-point of 50 gCO/kg
of fuel, 5 gHC/kg of fuel and 5 gNO/kg of fuel to apply against the entire fleet.
The percent of the fleet that exceeds the CO cut-point is plotted in the top graph, HC
exceedances are in the middle graph and the bottom graph shows the NO exceedances by model
year. The model year distribution seen in Figure 16 for Chicago in general is followed by the
other three cities. These plots do not reveal the emissions level of the vehicles that exceed the
cut-points, only the percent of vehicles. However, we have shown previously that the 99th
percentile emissions for these three species are similar across these four locations. This would
indicate that the vehicles exceeding these cut-points have on average similar emission levels. In
general the percentage of the vehicles exceeding the cut-points and their model year’s
distribution are similar between the four cities. Since Tulsa is the only city that does not have an
I/M program this indirectly implies that the combination of the malfunction rate and the repair
rate are similar in all of these cities.
Emissions Deterioration Rate Comparisons
Another way to gauge I/M effectiveness and to further compare the Pitchford and Johnson rate
constants from the model is to compare the on-road emissions deterioration rate of fleets in and
out of I/M areas. The MOVES2014a predictions for emissions by model year in Figures 10 and
11 showed that the model predicts that emissions for similarly aged vehicles are larger in the
non-I/M fleet. This implies that the model predicts that vehicle emissions increase or deteriorate
at a higher rate in the non-I/M area. This higher rate of increase can only be the result of either
the malfunction rate being higher in the non-I/M area or that the repair rate is lower. To first
order it is difficult to believe that emissions malfunction rates would vary much across different
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Figure 17. Percent of fleet CO, HC and NO measurements that are above 50 gCO/kg of fuel
(top), 5 gHC/kg of fuel (middle) and 5 gNO/kg of fuel (bottom) versus model year for the most
recent measurements in Chicago (Sept. 2018), Denver (Dec. 2017/Jan. 2018), Tulsa (Sept.
2017) and West Los Angeles (May 2018).
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regions of the country as vehicles are manufactured to National or California standards with
similar components. It then stands to reason that the MOVES2014a model expects a higher
repair rate among fleets subject to I/M and that is in fact what the programs are supposedly
designed to address through periodic inspection. A failed inspection creates the opportunity, and
the incentive, for an owner to repair the vehicle. However, it should be noted that repairs are not
required. The only requirement for vehicle registration in I/M areas is for the vehicle owner to
have a certificate for a passing test and as mentioned previously Wenzel found this to happen
frequently in the Arizona program in the apparent absence of repairs.20

gCO/kg of Fuel

The analysis of vehicle emissions deterioration is only possible with the long historical record of
emission measurements we have at the many sites across the country and assuming that vehicle
emissions deterioration can be modeled as a linear process. As an example, Figure 18 shows
what this process looks like for CO data collected in the Chicago area through the 2016
measurements for the entire fleet. The mean fuel specific CO emissions for each model year are
plotted against that model year’s age at the time of each measurement campaign. For Chicago we
have mean CO emissions for measurements collected in 1997, 1998, 1999, 2000, 2002, 2004,
2006, 2014 and 2016. Model years older than 1997 will have mean emission values for all of
these campaigns, while the newest model years may only have 3 measurements which is the
minimum needed for fitting a straight line. Through the 2016 campaign this enables us to plot
model years 2006 – 1992 and cover 10 to 24 year old vehicles.
160
140
120
100

1992
1995
1998
2001
2004

1993
1996
1999
2002
2005

1994
1997
2000
2003
2006

80
60
40

1995
1996

20
0
0

5

10

15

20

25

Age (years)

Figure 18. Fuel specific CO emissions (split y-axis) versus vehicle age grouped by model
year (1992 – 2006) using the Chicago 1997 - 2016 measurements. The slopes and uncertainty
of a linear least squares fit for each individual model years represent that model year’s
emission deterioration rate (gCO/kg of Fuel/Year). The 1996 (■) and 1995 (●) model years
show their best fit lines.
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A linear least squares line is fit to the data for each model year and an example of this fit is
shown in Figure 18 for the 1995 (●) and 1996 ( ) model year vehicles. The slopes of these lines
are the gCO/kg of Fuel/Year change in emissions and the uncertainty in this change is derived
from the standard error of the fit. These deterioration rates do not all start at age zero for model
years older than the first measurements. In this example the 1996 model year deterioration rate
starts when the vehicles are 1 year old and for the 1995 model year vehicles it does not start until
they are 2 years old. In addition, for each subsequent measurement campaign, attrition
(scrappage etc.) will reduce the number of measurements for each previous model year that
contributes to the mean emissions for that model year as well as the uncertainties of the fits.
Figure 19 plots the slopes and emissions deterioration rate (grams/kg of Fuel/Year) determined
for each model year for CO (top), HC (middle) and NO (bottom). Deterioration data in Figure 19
is plotted for the non-diesel fleets in Chicago (10 sets, 1997 - 2018), Denver (9 sets, 1999 2017), Tulsa (5 sets, 2003 - 2017) and West Los Angeles (8 sets, 1999 - 2018) using all data sets
available. The uncertainties plotted are the standard error of the slope for the least squares fit.
Some of the newer model years have more variability and larger uncertainties due in part to the
smaller number of measurements (only 3 for 2009 and newer model years) available.
In general all of the deterioration rates show a similar pattern and levels regardless which city
you pick. There are small age dependencies for CO and HC with deterioration rates increasing
slightly for the older model years. This dependence is more pronounced for NO where there is a
definite increase with age. CO and HC deterioration rates are similar during the first 10 to 13
model years though the larger uncertainties in the newest model years (attributable to the impact
of fewer measurements on data scatter/variability), especially for CO, make this less pronounced.
For most of the cities plotted HC deterioration rates are zero or near zero for these model years.
Making the assumption that model year vehicles newer than 2015 (only for the Chicago data)
will likely also have zero or near zero deterioration rates, this means that the first 15 to 20 model
years show little in-use HC emissions deterioration. This is corroborated by the emissions versus
age plot shown in Figure 1 where mean fuel specific HC emissions are unchanging and near zero
for the first 15 model years.
For NO (bottom panel) there is an apparent decrease in deterioration rates between the 2003 and
2004 model years for Tulsa and the West Los Angeles data where the rate is cut in half and then
drifts to zero with the 2010 models. This does coincide with the introduction of Tier II/LEV II
vehicles which were phase-in during the 2004 - 2009 time period. It is not known what fraction
of the fleet in 2004 was certified for Tier II/LEV II standards but we would suspect that it was a
minority of the vehicles. This likely means there are other unknown reasons for this decrease.
The 2009 and newer model year vehicles show not only the lowest NO emissions (see Figure 1)
but also the lowest NO emission deterioration rates.
The plots in Figure 19 support the idea that emission deterioration rates for these three pollutants
are similar in all four cities and therefore the combination of malfunction and repair rates are also
similar. We previously hypothesized that we expected malfunction rates to be similar in all of
these cities. However, since California has historically had its own new vehicle certification
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Figure 19. On-road fuel specific emissions deterioration rates (grams/kg of Fuel/Year) vs.
model year for the non-diesel Chicago ( ), Denver ( ), Tulsa ( ) and West Los Angeles (●)
fleets. The uncertainty bars plotted are the standard error of the slope for the least squares fit.
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standards that are specific to vehicles manufactured for the California market this could be an
incorrect assumption. This difference could therefore produce lower malfunction rates in
California than found in the other cities. To maximize the potential differences we have replotted
the data from Figure 19 to show just the Tulsa and West Los Angeles fleets for CO (top), HC
(middle) and NO (bottom) in Figure 20. This should be the comparison that maximizes emission
differences the most as not only does Tulsa not have an I/M program but we should expect few if
any of the vehicles measured in Tulsa to have been manufactured to California new car
standards. The newest model year vehicles in Tulsa have significantly higher CO emission
deterioration rates but they also have very large uncertainties making many of these model year
comparisons not significantly different. HC and NO emission deterioration rates are very similar
between the two sites in both magnitude and the model year trends. The result of this comparison
continues to support the idea that the combination of malfunction and repair rates are not
substantially different in any of these fleets.
Emissions Distribution Comparisons
The Pitchford and Johnson model of fleet emissions predicts that if the malfunction and repair
rate constants are equal, then the emissions distribution will not change over time. If the
malfunction rate is larger, then the total emissions will increase over time and if the repair rate is
larger, then the emissions will decrease. We have firmly established that U.S. fleet emissions
have decreased significantly over the last twenty years which means that the repair rate is larger
than the malfunction rate and that fleet emission distributions should also have changed. Figure
21 is a cumulative probability plot with an x-axis that has been transformed for a normal
distribution. If the data were normally distributed they would plot as a diagonal straight line.
Plotted are the fuel specific CO emissions distribution for the 2005 and 2017/2018 Denver and
Tulsa measurements. The larger open symbols are the mean emissions for each distribution.
These plots give the probability of finding a gCO/kg of fuel emissions reading that is less than or
equal to a value on the y-axis. So, for example 99% of the measurements in the 2017/2018 Tulsa
and Denver data sets are less than 200 gCO/kg of fuel. In the 2005 data sets that probability is
closer to 95% and is one indication of the changes that have occurred in the CO emissions
distributions between 2005 and 2017. This graph shows that similar changes in CO emissions
distributions in the two cities have occurred as mean CO emissions have decreased. The negative
tail in these graphs provides a way to estimate the percent of the fleet that have zero or near zero
readings. Because FEAT zero emission readings are normally distributed around zero the length
of the negative tail below zero mirrors the length of the positive portion of the distribution that
also corresponds to a zero reading. It is difficult to discern in the graph because of the number of
points that occur around zero, however, in the 2005 data sets this point occurs between the 15th
(Tulsa) and 18th (Denver) percentiles indicating that approximately 30 to 36% of the
measurements are zero. In the 2017/2018 measurements the zero line is crossed between the 34th
(Tulsa) and the 47th (Denver) percentiles indicating that approximately 68 to 94% of the readings
are zero.
As shown in modern U.S. fleets the majority of vehicles now have zero or near zero emissions.
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Figure 20. On-road fuel specific emissions deterioration rates (grams/kg of Fuel/Year) vs.
model year for non-diesel Tulsa ( ) and West Los Angeles (●) fleets. The uncertainty bars
plotted are the standard error of the slope for the least squares fit.
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Figure 21. Cumulative probability plot of fuel specific CO emissions for the 2005 and
2017/2018 Denver and Tulsa data sets. The x-axis has been transformed to a normal
distribution. If the data sets were normally distributed, they would plot as a diagonal straight
line. Larger open symbols are the mean emissions for each distribution.
However, a small minority of the vehicles on the road, those at the top of the distribution in
Figure 21, are responsible for a disproportionate share of the total emissions. It is these vehicles
that dictate the shape of the upper portion of the fleet’s emission distribution. The vehicles at
these extreme emission levels have some type of emissions malfunction and are in need of repair.
I/M programs by design should reduce the frequency and the magnitude of the emissions of these
vehicles by increasing their successful repair rate relative to a non-I/M area fleet. This should
significantly change the density and shape of the upper portion of an I/M fleet’s emission
distribution. These plots show no significant differences between the I/M fleet in Denver and the
non-I/M fleet in Tulsa especially in the upper portions of the distributions where the emissions
matter the most.
One simple way to evaluate the shape of the upper portion of an emissions distribution is to
calculate the fraction of the total vehicle emissions contributed by the vehicles above the 99th
percentile. This involves rank ordering the data for each species and then calculating the fraction
of the emissions contributed by the 99th percentile (top 1%) and following the changes in this
fraction over time for the I/M and non-I/M fleets. For this evaluation we have used all of the data
sets that are listed in Appendix A. This includes 70 data sets from I/M areas and 18 data sets
from non-I/M areas. Figure 22 is a plot of the top 1% emissions fraction for CO (top), HC
(middle) and NO (bottom) for I/M fleets (●) and non-I/M fleets (∆) versus measurement year.
The solid lines are the least squares best fit lines to each data set and the dashed lines are the
95% confidence intervals for those fits. Since far fewer data sets have been collected in areas that
do not have an I/M program the trends for the non-I/M areas have significantly larger
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Figure 22. Fleet fraction of the 99th percentile emissions for CO (top), HC (middle) and NO
(bottom) for all U.S. data sets collected in an I/M area (●) and all U.S. data sets collected in
areas that do not have an I/M program (∆) versus measurement year. Solid lines are least
squares best fit lines and the dashed lines are 95% confidence intervals.
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uncertainties.
As mentioned before, the emissions distribution has become skewed as mean emissions have
decreased such that the top 1% of the measurements at each location account for an increasing
share of the total. This is shown for all of the species plotted in Figure 22. The percent of CO
emissions, the species collected the longest, emitted by the top 1% has grown from ~5% of the
total in 1989 to greater than 35% of the total in 2018. HC measurements have only been
collected since the early nineties and are significantly nosier than the other two species but the
top 1%’s contribution has grown from 8 to 10% of the total to 20 to 30% of the total. NO
measurements shown only include those collected since 1997 with the dispersive spectrometer
but they follow a similar trend to those of CO and HC. The percent of emissions contributed by
the top 1% of NO measurements increases from less than 10% in 1997 to between 25 and 30% in
2018. In general these trends are the same for the I/M fleets and the non-I/M fleets as the 95%
confidence intervals overlap for each of the species plotted. Fleet age does affect the skewedness
of the emissions distribution and while replotting these fractions against their fleet mean model
year further improves the comparison, it does not change the overall conclusion. The fraction of
emissions produced by the top 1% of the measurements has change over time at a similar rate in
both fleets.
Using the most recent data sets from Chicago, Denver, Tulsa and West Los Angeles Figure 23 is
a cumulative probability plot of non-diesel fleet emissions for CO (top), HC (middle) and NO
(bottom). Again for this plot the x-axis has been transformed into a normal distribution with the
median located in the center of the graph. If the data for any of these species were normally
distributed it would plot as a diagonal straight line. As discussed in other parts of this report there
are emission differences between these four sites and one can see that in the plot of the emissions
distribution. Chicago has the youngest fleet and the lowest CO and NO emissions and you can
see that reflected in the probability plot with the Chicago data setting the lower edge for the
group. For HC emissions the 2018 West Los Angeles fleet becomes the lowest emitting and sets
the bottom edge of the plots. The Tulsa measurements tend to be in the middle of the groups with
the exception for HC emissions where the Tulsa measurements share the upper edge with Denver
until the very top where Denver has higher values.
We have pointed out that because of the transformed x-axis a data set that is normally distributed
will plot as a diagonal straight line. The HC emissions for these four fleets show little deviation
from a straight line until the 99th percentile is reached. Greater than 90% of these fleets have
tailpipe HC emissions that are indistinguishable from zero and are normally distributed.
However, the highest emitting HC vehicles (above 400 gHC/kg of fuel) can still be found in
Chicago, Denver and Tulsa.
The Denver fleet is the oldest and has the highest emission measurements for CO and HC and is
very close to the top value in NO as well. A comparison of Figure 21 and Figure 23 shows that
the highest emissions of CO are above 1100 gCO/kg of fuel and while the frequency of the
measurements responsible for these emissions appears to have dropped significantly from 2005
there still exist a few vehicles in the 2018 campaign that reach these levels. These vehicles are
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Figure 23. Cumulative probability plot of fuel specific CO (top), HC (middle) and NO (bottom)
emissions for the 2017/2018 non-diesel Chicago ( ), Denver ( ), Tulsa ( ) and West Los
Angeles (●) fleets. The x-axis has been transformed to a normal distribution. If the data sets
were normally distributed they would plot as a diagonal straight line.
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the ones that a successful I/M program should reduce or eliminate. However, that is not what we
observe.
Finally we will use quantile-quantile plots to compare the shapes of the emission distributions of
the three I/M cities with Tulsa for CO, HC and NO emissions. Quantile-quantile plots can be
used to test the hypothesis that the two distributions being compared come from a common
distribution. A quantile is the fraction or percent of points below the given value and are the
same values used in Figure 23 for the cumulative probability plot. When the shapes of the two
distributions are similar, the points in these plots will fall along a straight line though not
necessarily along the 1:1 line. If the shape and the emission values are similar the points will fall
along the 1:1 line.
For these plots we calculated the quantiles for each data set from 1 to 99.5% using steps of 5%
between 1 and 80% and then steps of 0.5% above that. Figures 24 – 26 are the resulting plots for
fuel specific CO, HC and NO. The Chicago distribution is compared against Tulsa in the top
panel of each graph, Denver versus Tulsa in the middle panel and West Los Angeles versus
Tulsa in the bottom panel. These distributions compared are the non-diesel fleets at each location
and are the most recent data sets for the four sites. The solid diagonal line is a 1:1 line drawn for
comparison and any dashed lines shown are least squares best fit lines for that data comparison.
If we look across all three emission species for the non-diesel fleet a common pattern is repeated:
1) Chicago emissions are always less than Tulsa
2) Denver has similar emissions to those found in Tulsa
3) West Los Angeles has slightly higher emissions than Tulsa
The other commonality is that for all but the NO distribution from West Los Angeles the shapes
of the emission distributions fall along straight lines when compared with the Tulsa emission
distributions indicating similar distribution shapes. The Denver comparison not only indicates
similar shapes but similar emission levels as the points all fall very close to the 1:1 line.
The exception is for the NO distribution comparison between West Los Angeles and Tulsa. As
shown in the bottom panel of Figure 26 the West Los Angeles data starts along the 1:1 line at the
very low quantiles but then shifts to a higher emissions line after the 80th percentile and then
returns to follow a straight line after the 95th percentile. NO Passenger car and truck emissions by
model year look very similar to those found in Tulsa and it is not clear why the West Los
Angeles measurements deviate from a straight line unlike the comparisons at the other two sites.
The MOVES2014a model comparisons predict that the shape of the emissions distribution will
not follow a straight line when comparing an I/M fleet with a non-I/M fleet. The bottom panel in
Figures 12 -14 shows that emissions in the model increase at a faster rate in the non-I/M vehicles
and increasingly deviate from the 1:1 line. The Chicago comparison in Figures 24 – 26 is the
only case where the Tulsa emissions are consistently higher than for the I/M fleet, however, the
differences follow a straight line indicating that at least the shape of the two emission
49

leuF fo gk/OCg ogacihC

350

leuF fo gk/OCg revneD

350

leuF fo gk/OCg AL tseW

350

300
250
200
150
100
50
0

300
250
200
150
100
50
0

300
250
200
150
100
50
0
0

50

100

150

200

250

300

350

Tulsa gCO/kg of Fuel

Figure 24. Quantile-Quantile plots for fuel specific CO emissions for the 2018 Chicago ( ),
2018 Denver ( ) and 2018 West Los Angeles (●) data sets versus fuel specific CO emissions
for the 2017 Tulsa data set. The solid line is a 1:1 line and dashed lines are least squares best fit
lines to the data.
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Figure 25. Quantile-Quantile plots for fuel specific HC emissions for the 2018 Chicago ( ),
2018 Denver ( ) and 2018 West Los Angeles (●) data sets versus fuel specific HC emissions
for the 2017 Tulsa data set. The solid line is a 1:1 line and dashed lines are least squares best fit
lines to the data.
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Figure 26. Quantile-Quantile plots for fuel specific NO emissions for the 2018 Chicago ( ),
2018 Denver ( ) and 2018 West Los Angeles (●) data sets versus fuel specific NO emissions
for the 2017 Tulsa data set. The solid line is a 1:1 line and dashed lines are least squares best fit
lines to the data.
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distributions are similar and that the emission differences are effectively an offset that applies
across the entire fleet.

Clean for a Day
The proceeding analysis of on-road emission measurements has shown that there is not a
significant difference between the emission distributions of vehicle fleets in I/M program areas
and fleets from areas without such programs. More importantly the lack of these differences
indicates that the emissions level and frequency of occurrence of high emitters is similar in I/M
and non-I/M cities despite great expense and effort to reduce their presence in the I/M cities
fleet. Why then the lack of success?
Many will point out that I/M programs do find vehicles that exceed preset standards and that
many of those vehicles subsequently meet the standards and pass the test. However, current I/M
programs really only requires that vehicle emissions and emissions control equipment meet this
predetermined standard one day every year or every other year depending on the program. This
“clean for a day” emphasis ignores the importance of the vehicle emissions performance for the
rest of the time and assumes a passing vehicle generally maintains its passing emissions level
into the future.41 Lawson first called this assumption into question in the early 1990’s. Figure 27
is a graph he published using 1989 California random roadside survey inspection data. The graph
shows the number of vehicles inspected on the left axis and the normalized mean CO and HC
emissions from the low speed idle test. Lawson observed that the CO and HC emissions showed
no real trend with time except for the day 0 values which were 67% and 64% lower than the data
for the three months prior to the scheduled test. He reasoned that the program flaw was not in the
type of test that was used but by being scheduled it ignored human behavior. Thereby, the
ultimate goal was not necessarily to lower a vehicles emissions but to “pass the test”.22
More recent roadside inspection data from California shows that while the test has changed since
the early 1990’s the results look remarkably similar. Figure 28 shows OBD data collected in
California’s recent random roadside vehicle surveys and plots the percent of vehicles with their
Malfunction Indicator Light (MIL) on versus the number of days before or after their Smog
Check inspection.42 As in the data that Lawson showed the lowest percentage of vehicles with a
MIL light on occurs within a few days of its scheduled inspection date. This implies that people
are fixing their vehicles prior to taking the I/M test. However, within two weeks after their Smog
Check test the percentage of vehicles with their MIL light on has almost doubled (7 to 14%) and
after the first year that percentage has generally returned to a fleet average. If repairs were made
to these vehicles prior to testing, on average they proved to not be long lasting. Wenzel et al.,
showed a similar pattern using California and Arizona data from the early 2000’s.20 In addition it
was shown that vehicles with a MIL illuminated had significantly higher NOx emissions when
tested at the roadside than those with the MIL off.42
In the 2019 performance report for the California Smog Check program the California Bureau of
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Figure 27. Mean, normalized CO and HC low-idle emissions for the fleet as measured in the 1989
California roadside survey. The height of each bar represents the number of cars stopped in the
survey in thirty-day intervals before and after the vehicle Smog Check inspection. The symbol
within each bar represents the normalized mean CO and HC emissions of all the vehicles within
that 30-day interval. Each vehicle’s idle emission value was divided by its corresponding emission
standard to calculate the normalized emissions. The symbols on day 0 represent the mean,
normalized low-idle CO and HC emissions of the vehicles in the roadside survey on the day they
were fiben their scheduled Smog Check inspection (there were nearly 1,800 vehicles in the data set
for which we could obtain Smog check records). From Lawson, J. Air Waste Manage. Assoc.
1993, 43, 1567-1575.

Figure 28. Percent of random roadside surveyed California vehicles with the Malfunction
Indicator Light (check engine) versus days before and after their Smog Check inspection. From
Lyons, Current Perspectives on OBD, presented at the Soc. Auto Eng. 2019 OBD Symposium.
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Automotive Repair found that for model year 2000 to 2006 vehicles roadside inspected in 2017
and 2018 that 35% of vehicles that initially failed and then passed their previous Smog Check in
the past year failed the roadside test. In addition 17% of the 2000 to 2006 vehicles stopped that
had initially passed their previous Smog Check also failed the roadside inspection. This resulted
in an overall failure rate of 19% which was significantly larger than observed at the Smog Check
stations.43 One reason presented in the report for these differences was the continued presence of
stations and operators that perform poor quality or fraudulent inspections and pass vehicles that
should not have been passed.
These data only include vehicles that complete the I/M inspection process and does not include
vehicles that are either never tested (out of State, out of area or simply non-compliant) or fail the
test and never pass. Vehicles that fail an initial test and never return and pass the test are
universally assumed by I/M program evaluators to leave the program area or be scrapped.39
However, we showed in the late nineties that 25% of the failing vehicles in the Denver Metro
I/M program never came back within a year’s time period for a passing test, however, half were
found to still be registered within the State of Colorado avoiding repair.44 A majority of those
registered within the State were actually registered within the I/M program area. So by some
mechanism these vehicles found a way to avoid repair and register without passing the I/M test
despite the fact that this is not supposed to be allowed under the program.24
The inability of these programs to significantly change the shape of a regions fleet emissions
distribution is likely not attributable to a single cause. However, the combination of many
failures, akin to “death by a thousand cuts”, likely dooms their success. What the on-road data
basically show is that there are a certain percentage of individuals that will operate high emitting
vehicles regardless of efforts to discourage them. This undoubtedly involves a lot of factors
including personal choice, socioeconomics and or a general lack of knowledge but exhibits itself
as a small minority of the fleet that is in-turn responsible for a significant portion of the fleet’s
emissions.

Conclusions
Historical emission reductions at our four major measurement sites, Chicago, Denver, Tulsa and
Los Angeles, tell a similar story with large reductions in mean and 99th percentile emissions of
CO, HC and NO. Year over year mean and 99th percentile emission reduction rates are also
similar, however, many of the estimates for HC are not significant at the 95% confidence
interval. This is especially true for the Tulsa estimates that cover a shorter time period (14 yrs)
and has fewer data sets (5) to perform the calculation. In all of the cities calculating the changes
for just the non-diesel fleet increases the reductions and suggests that NO emissions have
decreased at a faster rate in the gasoline fleet than in the diesel fleet.
MOVES2014a modeling comparisons with the 2017/2018 Denver and Tulsa data sets show that
the model significantly overestimates the on-road emissions for CO and NO for both the I/M and
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non-I/M scenarios. For the direct comparison the model predicts an I/M benefit in Denver of
17.9% for CO, 33% for HC and 21.9% for NOx (a 22.4% reduction for NO) while the
measurements generally agree for CO emissions (20%) but show lower HC (32%) and NO
(15%) emissions in Tulsa (non-I/M). The majority of the differences in the CO and NO
comparisons are found in the first seven model year vehicles that are exempt from the I/M
program and have no emission differences in the model and indicate that factors other than I/M
are responsible for the on-road differences. For HC the driving mode in Denver that encourages
high speed decelerations is the most likely reason for the higher HC emissions.
The model predicts an increasing emission difference between the I/M and the non-I/M fleets
after the first seven model years. One possible explanation for this behavior is that emission
deterioration rates are the same for the first seven model years and then increase at a faster rate
for the non-I/M vehicles as vehicle age increases. We do not see this behavior in the on-road
emissions data comparison between Denver (I/M) and Tulsa (non-I/M). Emission differences
occur in the first seven model years, which are not the result of I/M, as well as in the older model
years. However, the differences that do occur show a consistency across all model years with
quantile-quantile plot comparisons for CO, HC and NO (Figures 24 – 26) resulting in a straight
line indicating that the shape of emission distributions are the same.
Using measurements collected across many years, and assuming that emissions deterioration can
be modeled as a linear process, we calculated emission deterioration rates for all of the possible
model years in the non-diesel fleets in our four cities. The deterioration rate is the slope of a line
fit to each model year’s mean emissions versus age for each year’s data set. In general all of the
deterioration rates show a similar pattern and levels regardless of city. There is a small age
dependence for CO and HC with deterioration rates increasing for the older model years (see
Figure 17). This dependence is more pronounced for NO where there is a very definite increase
with age. For CO and HC deterioration rates during the first 10 to 13 model years are similar
though the larger uncertainties in the newest model years (fewer points that increases these
model years variability), especially for CO, make this less pronounced. For most of the cities
plotted HC deterioration rates are zero or near zero for these model years. The deterioration rates
plotted in Figures 19 and 20 support the fact that emission deterioration rates for CO, HC and
NO are similar in all four cities and that the combination of the malfunction and repair rates are
similar regardless of I/M status. These comparisons indicate that the deterioration rates in the onroad fleets in I/M and non-I/M areas are not significantly different as we presume are predicted
by the model.
In the Pitchford and Johnson fleet emissions model the fraction of the fleet that are gross emitters
is regulated by the combination of the malfunction and repair rate of the fleet. Using selected
emission cut-points and the most recent data sets from our four cities we compared the fleet
percentages by model year that exceeded the cut-points. A significant I/M benefit should reduce
the fleet percentages above the cut-points for the older model year vehicles in Chicago, Denver
and Los Angeles. This comparison found that the percentages of vehicles in the Tulsa fleet above
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the cut-points were often between the percentages found in the other three cities. The fleet
percentage versus model year pattern was also found to be similar between the four cities
indicating that the frequency of high emitters is not higher in the Tulsa fleet.
If an I/M program can successfully reduce fleet emissions it should also, as a result of those
reductions, change the shape of the emissions distribution. We compared the fraction of vehicle
emissions that the 99th percentile contributes to the total emissions as a function of time for all of
the U.S. I/M and non-I/M data sets. As fleet emissions have been reduced this fraction has grown
from ~4 to 8% to more than 30% of the total. However, the rate of this change with time was
found to have occurred at a similar rate in both the I/M and non-I/M fleets indicating that the
shape of the top of the emissions distribution has not been affected by I/M.
We also compared cumulative probability plots of the non-diesel fleets for the most recent data
sets for Chicago, Denver, Tulsa and West Los Angeles (see Figure 23). Age and differences in
the fleet characteristics between the four locations results in some differences in the shape of
these plots, however, there are more similarities than differences. The Tulsa fleet emissions again
are found to often lie in between the emissions of the other three fleets. Another way of
comparing these is to plot the individual probability values against one another in a quantilequantile plot. This was performed between Tulsa and the three I/M cities (see Figures 24 - 26).
When the shapes of the two distributions are similar the points in these plots will fall along a
straight line. If the shape and the emission values are similar the points will fall along the 1:1
line. These plots resulted in Chicago emissions falling along a straight line but at lower
emissions than found in Tulsa. Denver emissions generally fell along the 1:1 line and the West
Los Angeles emissions fell along a straight line for CO and HC but with higher emissions than
found in Tulsa. NO emissions from the West Los Angeles site were the only comparison where
the shape of the emissions distribution appeared to be different than the one found in Tulsa.
However, as with CO and HC the NO emissions were higher in Los Angeles than those found in
Tulsa.
Using the emissions data collected in our four major cities, Chicago, Denver, Tulsa and Los
Angeles, we believe we have been able to establish that emission reductions for CO, HC and NO
have occurred at similar levels and rates in each of these cities. The current EPA computer model
over predicts the levels of CO and NO emissions in both I/M and non-I/M areas for the urban
restricted driving mode and differences in emission deterioration rates between fleets, which the
model assumes to exist, do not exist in our on-road fleets. Finally, the shape of the emissions
distribution, especially at the top where the highest emitters are found, shows no meaningful
differences between I/M and non-I/M cities. The lack of differences in the high emitter
frequencies also indicates that there are no significant differences between the repair rates of
malfunctioning vehicles in these four cities and that Tulsa, OK vehicles have emission
distributions for CO, HC and NO similar to those found in our I/M cities.
Recent random roadside inspection data from California reports significant recidivism rates
(35%) among 2000 - 2006 model year vehicles that initially failed and then passed a Smog
Check test within a year of the test. In addition 17% of these same model years that passed their
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previous initial test were also found to fail during the roadside inspections. This information
supports the remote sensing findings of the continued presence of high emitters in Los Angeles
and other I/M program areas that have not been eliminated by the programs.
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Appendix A: Historical U.S. Fleet Emission Measurements by Inspection and Maintenance Status and Location.
United States data sets collected from locations with an Inspection and Maintenance program.
Location
Date

Records Mean
Model
Year

Denver CO

4909

Mar. 1989
Chicago IL
Aug. 1989

gCO/kg of Fuel

gHC/kga of Fuel

Mean / Median / 99th Percentile

Mean / Median / 99th Percentile Mean / Median / 99th Percentile

1983.1 112.8 / 19.8 / 782.3

Chicago IL
Oct. 1990

N.A.

N.A.

N.A.

N.A.

N.A.

N.A.

49.3 / 34.6 / 294.8

N.A.

7.9%
11818 1983.5 125.9 / 29.0 / 885.7
7.7%

Los Angeles CA 16511 1982.2 166.2 / 48.4 / 888.0
Dec. 1989

5.8%
13639 1985.3 125.0 / 47.2 / 881.3
8.1%

7.7%

Los Angeles CA 91679 1984.9 95.6 / 18.3 / 835.3

27.3 / 17.0 / 211.6

July 1991

11.2%

Denver CO
Aug. 1991
Denver CO
Jan. 1992

gNO/kgb of Fuel

10.0%
13391 1985.9 89.1 / 26.5 / 755.1
10.1%
40019 1985.5 84.2 / 14.2 / 788.2
11.0%

62.8 / 47.9 / 279.5

N.A.

N.A.

5.5%
17.5 / 13.2 / 104.7

N.A.

9.7%
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Provo UT

17442 1984.6 124.1 / 47.1 / 884.7

Jan. 1992
Chicago IL

8.2%
8733

1986.1 121.0 / 32.3 / 1024.4

June 1992
El Paso TX

9.6%
13312 1986.1 141.7 / 48.8 / 874.4

Mar. 1993
Denver CO

2787

Jan. 1994
Tucson AZ

Las Vegas NV

Denver CO
July 1995
Denver CO
Jan. 1996

12.6%

21.6%

20088 1987.7 80.0 / 18.8 / 782.2

Sept. 1994

11.3%
3176

25.6 / 18.2 / 178.3

6.0 / 3.3 / 69.8

7.6%

1989.2 64.4 / 13.4 / 603.6
11.4%

30675 1989.2 66.2 / 14.6 / 670.3
12.3%

N.A.

8.7%

68.7 / 14.6 / 692.2

13395 1986.1 137.3 / 40.1 / 937.1

Sept. 1994

32.9 / 25.8 / 198.0

10.7%

8.1%

N.A.

7.9%

7.0%

14051 1985.2 121.8 / 43.6 / 853.3

Feb. 1994
Reno NV

1987

56.9 / 36.3 / 378.0

27.7 / 17.3 / 201.8

N.A.

N.A.

N.A.

10.0%
14.7 / 7.7 / 159.1

N.A.

17.0%
12.4 / 6.2 / 124.9

N.A.

16.9%
5.6 / 2.5 / 68.0

N.A.

20.9%
9.5 / 6.7 / 83.1

N.A.

15.0%
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Denver CO
Jan. 1997
Denver CO
April 1997
Denver CO
Aug. 1997
Chicago IL
Sept. 1997
Chicago IL
Sept. 1998
Phoenix AZ
Nov. 1998
Denver CO
Jan. 1999
Riverside CA
June 1999
Chicago IL
Sept. 1999

46120 1990.3 62.5 / 11.9 / 689.7
13.7%
39153 1990.4 78.7 / 16.0 / 787.8
11.8%
33553 1990.8 87.3 / 19.7 / 842.9
11.1%
19682 1992.7 55.8 / 18.5 / 580.0
13.9%
23560 1993.6 49.0 / 20.0 / 543.7
14.6%
17759 1993.3 34.4 / 9.3 / 474.7
18.9%
26709 1992.4 56.4 / 11.9 / 630.4
14.0%
18752 1992.4 66.7 / 12.1 / 763.3
13.8%
23088 1994.3 44.3 / 12.0 / 524.6
16.5%

10.1 / 7.5 / 69.0

N.A.

13.1%
9.9 / 6.7 / 63.1

N.A.

13.4%
8.3 / 4.6 / 74.2

N.A.

16.2%
8.4 / 5.4 / 53.7

5.6 / 2.1 / 38.4

13.0%

8.7%

9.5 / 7.0 / 82.7

5.7 / 2.0 / 38.9

13.3%

8.1%

7.2 / 3.8 / 76.3

5.1 / 1.7 / 45.3

18.6%

11.1%

5.2 / 3.3 / 50.4

8.4 / 3.4 / 52.5

19.2%

7.5%

7.8 / 4.6 / 61.8

5.2 / 1.3 / 40.9

16.7%

9.6%

7.1 / 5.0 / 46.3

5.3 / 1.7 / 41.9

13.9%

9.7%
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Sacramento CA

10.4 / 8.3 / 63.3

3.1 / 1.4 / 32.9

10.8%

14.6%

6.1 / 4.2 / 66.6

4.4 / 1.4 / 40.8

20.5%

11.9%

Los Angeles CA 18938 1992.4 71.0 / 12.0 / 773.2

9.5 / 5.4 / 93.3

6.7 / 1.6 / 53.1

Nov. 1999

19.8%

9.7%

Los Angeles CA 12655 1991.8 66.7 / 10.5 / 825.2

8.0 / 4.2 / 69.8

6.1 / 1.4 / 49.87

Nov. 1999

19.6%

10.1%

5.1 / 3.7 / 61.9

8.1 / 2.4 / 61.0

22.0%

8.9%

6.9 / 4.6 / 54.6

7.2 / 2.3 / 51.7

14.9%

8.7%

4.3 / 2.1 / 49.6

6.0 / 1.4 / 45.5

24.7%

9.3%

6.1 / 4.2 / 42.9

4.5 / 1.1 / 39.8

13.6%

11.2%

1.4 / 0.4 / 38.2

6.4 / 1.4 / 51.4

62.1%

9.8%

Oct. 1999
San Jose CA
Oct. 1999

Phoenix AZ
Nov. 1999
Denver CO
Jan. 2000
Riverside CA
June 2000
Chicago IL
Sept. 2000
Phoenix AZ
Nov. 2000

18404 1993.1 35.8 / 11.9 / 488.9
20.1%
37335 1992.5 48.6 / 9.2 / 675.6
17.8%

13.2%

15.1%
18894 1994.0 38.1 / 8.0 / 593.0
20.2%
22986 1993.4 53.6 / 14.5 / 621.5
14.7%
23303 1993.3 61.3 / 9.3 / 763.6
15.1%
22065 1994.9 32.8 / 6.6 / 442.2
19.6%
20801 1995.3 34.4 / 6.7 / 559.4
21.4%
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Denver CO

21025 1994.6 41.8 / 8.0 / 585.3

2.2 / 1.3 / 57.8

6.8 / 1.9 / 53.8

49.8%

9.5%

4.0 / 2.1 / 37.9

5.6 / 1.2 / 45.6

22.7%

10.1%

Los Angeles CA 20319 1994.4 53.9 / 8.0 / 691.4

5.4 / 2.5 / 56.3

5.8 / 1.1 / 49.5

Oct. 2001

25.7%

10.6%

Texas combinedc 10993 1996.97 49.1 / 14.7 / 645.1

6.2 / 4.2 / 54.6

7.0 / 2.5 / 48.3

April 2002

19.0%

8.2%

3.6 / 2.1 / 35.7

3.7 / 0.7 / 37.3

18.8%

13.2%

4.2 / 2.9 / 31.5

4.6 / 0.9 / 42.5

16.3%

11.4%

3.2 / 1.7 / 32.3

5.7 / 1.2 / 55.1

24.0%

12.1%

4.2 / 2.5 / 43.9

6.5 / 1.6 / 52.2

22.2%

9.9%

3.9 / 3.1 / 20.8

4.6 / 1.9 / 33.6

8.3%

9.3%

Jan. 2001
Riverside CA

18.0%
19800 1994.5 48.5 / 6.7 / 666.0

June 2001

Chicago IL

17.1%

16.3%

16.9%
22320 1997.4 29.0 / 9.3 / 372.2

Sept. 2002
Phoenix AZ

20.4%
23679 1997.4 27.3 / 6.7 / 439.9

Nov. 2002
Denver CO

22.7%
10025 1996.5 33.2 / 8.0 / 484.8

Dec. 2002
Denver CO

20.1%
21323 1996.4 44.2 / 10.6 / 573.3

Jan 2003
Allen TX
May 2003

17.5%
5546

1998.4 39.4 / 8.0 / 684.4
22.1%
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Denton TX

4912

2.7 / 1.7 / 23.7

4.3 / 1.1 / 35.59

24.8%

10.6%

2.9 / 1.9 / 19.15

4.2 / 1.4 / 35.5

13.3%

10.4%

3.3 / 2.5 / 22.3

4.9 / 2.5 / 31.8

13.8%

8.0%

3.0 / 2.3 / 18.9

4.7 / 1.9 / 33.1

15.0%

9.1

Los Angeles CA 20191 1996.5 42.6 / 9.3 / 619.3

5.9 / 3.3 / 52.0

4.6 / 0.7 / 42.1

Oct. 2003

21.7%

11.6%

3.6 / 2.1 / 38.6

3.3 / 0.6 / 35.5

19.3%

13.5%

3.5 / 2.5 / 37.1

3.5 / 0.6 / 35.0

21.3%

13.1%

2.3 / 1.3 / 29.9

5.3 / 1.1 / 47.3

31.7%

11.1%

5.0 / 3.7 / 41.2

3.7 / 0.8 / 36.29

12.1%

11.7%

May 2003
Lewisville TX

17.3%
12338 1998.1 47.3 / 11.9 / 696.0

May 2003
McKinney TX

18.6%
5301

May 2003
Plano TX

3721

18.4%
21838 1999.2 21.5 / 5.3 / 282.8
22.3%
23989 1999.4 22.9 / 5.3 / 423.8

Nov. 2004
Denver CO

27.9%
20030 1998.1 29.4 / 6.7 / 421.1

Jan. 2005
Denver CO
June 2005

1997.86 39.0 / 9.4 / 684.0
22.4%

Sept. 2004
Phoenix AZ

1998.0 54.7 / 11.9 / 702.3
15.2%

May 2003

Chicago IL

1997.8 52.0 / 13.2 / 717.8

21.2%
3695

1998.7 44.3 / 19.9 / 478.3
16.5%
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Los Angeles

2.8 / 1.3 / 41.0

3.4 / 0.3 / 38.4

32.7%

14.7%

2.6 / 1.3 / 39.4

1.8 / 0.2 / 23.1

28.7%

18.8%

4.7 / 3.3 / 33.1

2.9 / 0.3 / 32.1

12.5%

14.6%

1.8 / 1.2 / 25.7

4.0 / 0.6 / 39.5

30.6%

12.7%

2.1 / 1.5 / 15.4

2.9 / 0.2 / 35.3

14.1%

15.5%

Los Angeles CA 17953 2001.2 21.2 / 2.7 / 400.9

2.3 / 0.8 / 29.7

3.7 / 0.2 / 45.1

Mar. 2008

32.5%

14.6%

2.8 / 1.7 / 23.3

2.6 / 0.4 / 31.7

16.0%

16.2%

2.9 / 1.3 / 41.8

2.6 / 0.2 / 33.2

33.0%

16.0%

Los Angeles CA 27249 2006.9 16.4 / 4.1 / 263.2

2.2 / 1.1 / 33.7

2.2 / 0.08 / 34.0

May 2013

31.1%

20.6%

Oct. 2005
Chicago IL
Sept. 2006
Phoenix AZ
Nov. 2006
Denver CO
Jan. 2007
Fresno, CA
Mar. 2008

San Jose CA
Mar. 2008
Van Nuys CA
Aug. 2010

19599 1998.9 27.3 / 4.0 / 466.4
24.4%
22200 2001.0 16.1 / 2.7 / 236.2
26.3%
21782 2001.4 13.9 / 2.7 / 274.7
31.5%
21477 2000.0 24.4 / 6.6 / 394.9
23.8%
13372 1999.8 20.0 / 2.7 / 372.9
30.8%

29.3%
24978 2000.6 16.6 / 2.7 / 332.4
31.9%
12963 2001.5 19.7 / 2.7 / 396.4
31.9%

33.2%
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Denver CO

19242 2005.2 12.6 / 2.0 / 225.5

1.8 / 1.3 / 22.1

2.7 / 0.2 / 37.8

26.5%

17.6%

1.3 / 0.4 / 29.6

1.5 / 0.1 / 27.5

42.5%

24.9%

Los Angeles CA 22124 2006.9 13 / 1.6 / 253.3

1.3 / 0.5 / 24.2

1.9 / 0.02 / 33.6

April 2015

48.7%

23.3%

2.9 / 1.8 / 46.8

2.0 / 0.1 / 34.1

30.4%

23.3%

1.8 / 0.9 / 26.2

1.2 / 0.05 / 25.5

24.5%

30.8%

2.6 / 1.3 / 26.2

1.8 / 0.1 / 33.7

29.2%

25.6%

2.1 / 1.8 / 42.3

2.1 / 0.1 / 37.7

29.6%

24%

2.0 / 1.6 / 33.3

1.7 / 0.1 / 33.4

27.7%

25.6%

Los Angeles CA 19259 2009.9 11.0 / 1.6 / 212

1.5 / 1.0 / 30.8

1.6 / 0.05 / 31.9

May 2018

43.3%

27.2%

Dec. 2013
Chicago IL

33.6%
20395 2007.5 9.4 / 1.5 / 180.9

Sept. 2014

Denver CO

34.4%

37.4%
23298 2007.2 12.6 / 4.1 / 213.9

Dec. 2015
Chicago IL

32.5%
30062 2009.6 10.9 / 3.1 / 156.8

Sept. 2016
Denver CO

27.1%
22266 2009.2 8 / 0.4 / 187.3

Dec. 2017
Lynwood CA
April 2018
Lynwood CA
April 2018

47.2%
7724

2008.6 10.4 / 1.7 / 180.5
41.2%

14302 2008.4 12.3 / 2.5 / 208.3
36.6%

38.0%
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Chicago IL
Sept. 2018

20622 2011.6 7.3 / 0.8 / 145.9
36.2%

1.7 / 0.9 / 21.8

0.9 / 0.07 / 17.1

26.8%

34.4%

a

grams of HC using the FID adjustment noted in the text.
grams of NO collected with UV dispersive spectrometer.
c
Combined vehicles identified as registered in the I/M area measured in Allen, Denton, Lewisville, McKinney and Plano TX.
b
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United States data sets collected from locations without an Inspection and Maintenance program at time of collection.
Location
Date

Records Mean
Model
Year

Ute Pass CO

3386

797

Mean / Median / 99th Percentile

Mean / Median / 99th Percentile Mean / Median / 99th Percentile

1985.5 165.8 / 57.3 / 928.4

17265 1993

July 1998

30.1 / 20.2 / 245.8

N.A.

70.4 / 18.5 / 800.2

13.2 / 7.9 / 100.4

4.1 / 1.3 / 34.0

13.8%

12.9%

10.3%

7.9 / 6.7 / 49.5

10.0 / 4.4 / 53.5

10.1%

6.5%

8.2 / 5.0 / 64.2

9.2 / 3.7 / 53.1

15.0%

6.8%

5.9 / 4.6 / 40.5

5.6 / 2.1 / 42.3

14.5%

9.4%

5.9 / 3.3 / 70.6

7.1 / 2.2 / 50.6

21.9%

8.9%

6.7 / 4.2 / 53.3

6.1 / 2.0 / 46.2

Grand Junction
CO April 2001

5222

1993.6 69.4 / 10.6 / 860.3

Allen TX

4270

23.3%

14.9%

April 2002

Lewisville TX

N.A.

9.7%

1995.2 43.5 / 10.5 / 694.0

April 2002

N.A.

6.1%

Glenwood Sprgs 621
CO April 2001

Denton TX

gNO/kgb of Fuel

4.4%

Mar. 1993
Austin TX

gHC/kga of Fuel

1982.3 221.7 / 121.8 / 901.4

Jan. 1989
El Paso TXc

gCO/kg of Fuel

1996.9 39.9 / 15.8 / 566.2
19.3%

4467

1996.5 46.1 / 14.6 / 588.2
16.6%

11910 1997.1 44.2 / 13.3 / 570.0
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April 2002
McKinney TX

17.4%
9098

April 2002
Plano TX

14.7%
3302

April 2002
Omaha NE

1758

19556 1995.7 57.3 / 19.9 / 677.0
15.2%
20778 1998.9 25.3 / 7.7 / 378.3

Sept. 2004

24.4%

Texas combinedd 3780
May 2003
Tulsa OK
Sept. 2003
Tulsa OK
Sept. 2005
Tulsa OK

1997.1 24.3 / 6.7 / 378.1
25.2%

Sept. 2002
Omaha NE

1996.9 40.5 / 15.9 / 586.5
18.5%

Sept. 2002
Omaha NE

1997.1 57.2 / 17.2 / 706.3

1998.01 54.1 / 13.2 / 752.6
16.9%

20318 1997.6 34.1 / 7.9 / 528.9
21.9%
18890 1999.3 33.5 / 14.8 / 449.2
20.8%
21115 2006.3 13.4 / 3.7 / 218.3

15.9%

9.3%

3.5 / 2.5 / 39.2

7.4 / 3.3 / 46.9

25.9%

7.5%

5.3 / 3.9 / 45.1

5.9 / 2.5 / 46.1

14.7%

9.8%

4.5 / 3.3 / 28.6

4.5 / 1.3 / 37.7

15.8%

11.1%

7.4 / 5.0 / 49.9

8.7 / 3.9 / 52.3

14.4%

7.1%

9.8 / 7.5 / 61.8

3.8 / 1.1 / 34.1

9.2%

11.4%

3.2 / 2.1 / 21.1

5.0 / 2.0 / 34.8

17.9%

8.5%

4.5 / 2.9 / 37.2

3.7 / 0.8 / 36.7

18.5%

12.3%

2.3 / 2.0 / 39.2

2.9 / 0.5 / 31.1

34.1%

13.89%

2.1 / 1.5 / 45.4

1.5 / 0.07 / 29.1
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Sept. 2013
Tulsa OK
Sept. 2015
Tulsa OK
Sept. 2017

31.2%
19601 2008.2 14.3 / 6.1 / 184.4
26/2%
22593 2010.1 11.10 / 2.7 / 179.2
30.7%

41.7%

25.1%

2.4 / 0.7 / 48.1

1.4 / 0.03 / 29.1

33.8%

27.8%

1.7 / 0.8 / 26.1

1.4 / 0.11 / 30.9

39.9%

29.0%

a

grams of HC using the FID adjustment noted in the text.
grams of NO collected with UV dispersive spectrometer.
c
New Mexico plated vehicles measured in El Paso TX.
d
Combined vehicles identified as registered in the non-I/M area measured in Allen, Denton, Lewisville, McKinney and Plano TX.
b
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APPENDIX B: FEAT criteria to render a reading “invalid” or not measured.
Not measured:
1) Beam block and unblock and then block again with less than 0.5 seconds clear to the rear.
Often caused by elevated pickups and trailers causing a “restart” and renewed attempt to
measure the exhaust. The restart number appears in the database.
2) Vehicle which drives completely through during the 0.1 seconds “thinking” time (relatively
rare).
Invalid:
1) Insufficient plume to rear of vehicle relative to cleanest air observed in front or in the rear; at
least five, 10ms averages >0.25% CO2 in 8 cm path length. Often HD diesel trucks, bicycles.
2) Excess error on CO/CO2 slope, equivalent to +20% for %CO. >1.0, 0.2%CO for %CO<1.0.
3) Reported %CO <-1% or >21%. All gases invalid in these cases.
4) Excess error on HC/CO2 slope, equivalent to +20% for HC >2500ppm propane, 500ppm
propane for HC <2500ppm.
5) Reported HC <-1000ppm propane or >40,000ppm. HC “invalid”.
6) Excess error on NO/CO2 slope, equivalent to +20% for NO>1500ppm, 300ppm for
NO<1500ppm.
7) Reported NO <-700ppm or >7000ppm. NO “invalid”.
8) Excessive error on NH3/CO2 slope, equivalent to +50ppm.
9) Reported NH3 < -80ppm or > 7000ppm. NH3 “invalid”.
10) Excess error on NO2/CO2 slope, equivalent to +20% for NO2 > 200ppm,
40ppm for NO2 < 200ppm
11) Reported NO2 < -500ppm or > 7000ppm. NO2 “invalid”.
Speed/Acceleration valid only if at least two blocks and two unblocks in the time buffer and all
blocks occur before all unblocks on each sensor and the number of blocks and unblocks is equal
on each sensor and 100mph>speed>5mph and 14mph/s>accel>-13mph/s and there are no
restarts, or there is one restart and exactly two blocks and unblocks in the time buffer.
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Appendix C: MOVES2014 Runspec including Inspection and Maintenance
Description: Adams county information for Denver Metro Area with I/M program
Domain/Scale: County
Calculation Type: Inventory
Time Spans:
Aggregate By: Day
Years: 2017 / Months: July / Days: Weekdays
Hours: Begin Hour: 00:00 - 00:59 / End Hour: 23:00 - 23:59
Geographic Bounds:
COUNTY geography
Selection: COLORADO - Adams County
On Road Vehicle Equipment:
Gasoline - Passenger Car / Gasoline - Passenger Truck
Non-Road Vehicle Equipment:
Road Types:
Off-Network
Urban Restricted Access
Separate ramp rates: false
Pollutants And Processes:
Running Exhaust Atmospheric CO2
Running Exhaust CO2 Equivalent
Running Exhaust Carbon Monoxide (CO)
Running Exhaust Fossil Fuel Energy Consumption
Running Exhaust Nitrogen Oxide (NO)
Running Exhaust Oxides of Nitrogen (NOx)
Running Exhaust Petroleum Energy Consumption
Running Exhaust Total Energy Consumption
Running Exhaust Total Gaseous Hydrocarbons
Rate of Progress:
Rate of Progress calculations are disabled
Manage Input Data Sets:
General Output:
Output Database Server Name: [using default]
Output Database Name: DMA_ADAMS_cty_out
Units:
Mass Units: Grams
Energy Units: Joules
Distance Units: Miles
Activity Outputs:
Distance Traveled
Population
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Output Emissions Breakdown:
Model Year
Fuel Type
Emission Process
On Road/Off Road
Road Type
Source Use Type
Output Time Step
24-Hour Day
Geographic Output Detail
COUNTY
Advanced Performance Features:
Do Not Execute:
Save Data From:
Do Not Save Generator Data
Saved Data Database Server Name: [using default]
Saved Data Database Name: [using default]
Custom Default Database Server Name: [using default]
Custom Default Database Name: [using default]
Perform Final Aggregation (if necessary)

MOVES2014 files supplied by the State of Colorado
Denver Metro Age Distribution
Denver Metro Fuel
Denver Metro IM
Denver Metro Meteorological
Denver Metro Source Type POP
Denver Metro VMT
Ramp Fraction
Road type Distribution
Speed Distribution
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